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Abstract

Copper is a strategically important commodity whose price dynamics are increasingly
affected by structural changes, geopolitical shocks, and the global energy transition. These
conditions create substantial challenges for forecasting models and provide a useful setting
for evaluating the practical value of machine learning predictions. This study compares
statistical and artificial intelligence-based forecasting models for copper price prediction
under different market regimes and structural break conditions. Model performance
is assessed using a multi-dimensional evaluation framework that combines statistical
accuracy (MAPE), dynamic pattern reproduction (Taylor diagrams and time-lagged cross-
correlation analysis), and the economic performance of forecast-driven trading strategies.
The results reveal a consistent error–profit paradox: models with the highest statistical
forecasting accuracy do not necessarily generate the best trading outcomes. In several
cases, models with larger prediction errors achieve superior economic performance because
they capture directional market dynamics more effectively. The analyses further show that
structural breaks substantially alter model rankings and predictive usefulness, highlighting
the importance of regime-aware evaluation. These findings suggest that forecast accuracy
alone provides an incomplete assessment of model quality in financial and commodity
forecasting applications. The study contributes to machine learning evaluation research by
proposing an integrated framework that jointly considers predictive accuracy, temporal
dynamics, model robustness, and economic utility, thereby offering a more comprehensive
approach to assessing forecasting systems in real-world decision-making environments.

Keywords: copper; time series forecasting; machine learning; error–profit paradox

1. Introduction
Copper has long been regarded as one of the most strategically important industrial

commodities due to its critical role in electricity transmission, the electronics industry, and
infrastructure development. In recent years, its economic significance has increased further
as global economies have accelerated their transition toward electrification, renewable
energy deployment, and digital infrastructure expansion [1–3]. Copper is an essential
input in the production of electric vehicles, renewable energy systems, energy storage
technologies, and the infrastructure underpinning the digital economy, including data
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centers and telecommunications networks [4,5]. Consequently, developments in the copper
market have become increasingly intertwined with the structural transformation of the
global economy, particularly through the green transition and the expansion of the digital
economy. The rapid growth of electrification technologies and digital infrastructure has
substantially increased global demand for copper, creating new challenges for both mar-
ket participants and policymakers [6,7]. At the same time, copper market volatility has
intensified under the influence of geopolitical tensions, supply chain disruptions, macroe-
conomic shocks, and financial market uncertainty. Events such as the COVID-19 pandemic,
geopolitical conflicts, energy market crises, and inflationary shocks have demonstrated
that commodity market dynamics can change rapidly, generating structural breaks and
regime shifts in price series [8–10]. In this environment, reliable copper price forecast-
ing has become increasingly important for investors, commodity traders, and industrial
stakeholders making investment decisions related to the energy transition and digital
infrastructure development.

Forecasting commodity prices has long been a central topic in financial economics and
time-series analysis. Traditional approaches, such as ARIMA and other econometric models,
have been widely employed in the analysis of commodity price series and continue to serve
as important benchmark methods due to their interpretability and transparent assumptions.
Over the past decade, however, the emergence of machine learning and deep learning
techniques has significantly expanded the forecasting toolkit [11–14]. Models such as
Random Forest, Support Vector Regression (SVR), boosting algorithms, and neural network–
based architectures, including Long Short-Term Memory (LSTM), Gated Recurrent Units
(GRU), and Transformer-based models, are capable of capturing nonlinear relationships
and complex temporal patterns in time-series data. As a result, they have been increasingly
adopted in financial and commodity market forecasting applications [15–17].

Recent reviews suggest that machine learning approaches frequently outperform
traditional econometric models in environments characterized by nonlinear adjustment
processes, high volatility, and complex interactions among market variables. In particular,
ensemble-learning methods and deep-learning architectures have demonstrated strong
predictive capabilities in financial and commodity markets by capturing nonlinear depen-
dencies and noisy sequential patterns [18,19]. Nevertheless, empirical evidence remains
mixed. While recurrent architectures such as LSTM have generated promising forecasting
and trading results in several financial applications, their advantages may diminish un-
der changing market conditions, evolving market efficiency, and the inclusion of realistic
trading constraints [20]. Similarly, more recent attention-based architectures, such as the
Temporal Fusion Transformer (TFT), provide enhanced interpretability and multi-horizon
forecasting capabilities, yet their empirical superiority often depends on data availability,
feature design, and the stability of the underlying market environment [21].

The performance of forecasting models is traditionally evaluated using statistical error
measures such as Mean Absolute Percentage Error (MAPE), Root Mean Squared Error
(RMSE), and Mean Absolute Error (MAE). These metrics provide important information
regarding forecast accuracy and remain the most widely used criteria for model comparison.
However, given the highly volatile nature of commodity markets, the frequent occurrence
of structural breaks, and the practical use of forecasts in decision-making processes, it is
increasingly important to examine whether different models can deliver stable and reliable
forecasts across varying market regimes [22–24].

This distinction is particularly relevant in commodity markets, where forecasts are
frequently used to support hedging decisions, inventory management, procurement plan-
ning, and speculative trading activities. In such settings, a forecasting model may possess
substantial economic value even if it does not achieve the lowest statistical forecasting error.
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Models capable of identifying turning points, directional persistence, or volatility-adjusted
trading opportunities may generate superior decision outcomes despite exhibiting com-
paratively higher MAPE or RMSE values. Conversely, models with excellent statistical
accuracy may produce limited economic benefits if forecast errors occur during critical
market reversals or fail to generate actionable trading signals. These observations suggest
that the relevant question is not simply which forecasting architecture minimizes statistical
error, but whether a model captures economically meaningful price dynamics under chang-
ing market conditions. This tension between statistical forecasting accuracy and economic
usefulness provides the conceptual foundation for the Error–Profit framework examined in
this study.

The present study aims to compare the performance of different forecasting mod-
els applied to copper price prediction. The empirical analysis focuses on copper prices,
which provide an ideal case study for examining commodities of strategic importance to
electrification and the digital economy. Traditional econometric, machine learning, and
deep learning models are evaluated using a range of statistical performance measures.
The analysis considers multiple forecasting horizons, with particular emphasis on six- and
twelve-month horizons, representing different decision-making contexts ranging from
short-term trading strategies to medium-term industrial planning. In addition, special
attention is devoted to investigating how forecasting performance changes in the presence
of structural breaks and market regime shifts.

1.1. Research Gap

Although research on commodity price forecasting has expanded considerably in
recent years, the literature remains fragmented in three important respects. First, many
studies compare forecasting architectures mainly through statistical error measures, which
are useful for measuring average fit but do not directly establish whether forecasts can
support profitable or risk-adjusted decisions. Second, empirical results are heterogeneous:
recurrent networks, convolutional structures, ensemble methods and transformer-based
models have each been reported as strong performers in specific settings, but their rankings
often change across assets, horizons, feature sets and volatility regimes [25,26]. Third,
relatively few commodity studies integrate structural-break awareness, dynamic-pattern
diagnostics and trading performance within the same evaluation design. The research
gap therefore emerges not from the absence of AI-based forecasting studies, but from the
absence of a unified, regime-aware evaluation framework that connects forecast accuracy,
temporal structure and economic utility.

Building on this synthesis, the present study treats copper as a demanding test
case for forecast evaluation. The market combines long-run demand pressures linked
to electrification and digital infrastructure with short-run shocks generated by macroe-
conomic, geopolitical and supply-chain disturbances. This setting allows us to examine
whether model rankings derived from conventional error metrics remain stable when
forecasts are evaluated through dynamic similarity measures and forecast-driven trad-
ing outcomes. In this way, the study directly responds to the need for a more analytical
bridge between the AI forecasting literature and the practical decision problems faced by
commodity-market participants.

1.2. Accordingly, This Study Addresses the Following Research Questions

RQ1: How do market regime shifts and structural breaks affect the performance of
different forecasting models used for copper price prediction?
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RQ2: To what extent are these models capable of reproducing the statistical structure
and dynamics of copper price series, as evaluated through Taylor diagrams and Time-
Lagged Cross-Correlation (TLCC) analysis?

RQ3: Is the Error–Profit Paradox evident in the copper market, such that models
achieving the highest forecasting accuracy do not necessarily deliver the highest risk-
adjusted trading performance?

1.3. The Innovation of the Study Can Be Summarized Through Five Interrelated Contributions

• It develops a regime-aware comparison of traditional econometric, machine learn-
ing and deep learning models for copper price prediction, rather than evaluating
architectures under a single assumed market environment.

• It extends the empirical evidence on AI-based commodity forecasting to a strategi-
cally important industrial metal that is central to electrification, renewable-energy
investment and the expansion of digital infrastructure.

• It evaluates robustness under structural breaks and market regime shifts, thereby
addressing the instability of model rankings that is frequently observed in volatile
commodity markets.

• It combines multiple horizons, dynamic-pattern diagnostics and forecast-driven trad-
ing simulation, which allows statistical accuracy to be assessed alongside temporal
similarity and economic usefulness.

• It provides direct evidence on the Error–Profit Paradox by testing whether the most
accurate copper-price forecasts are also those that produce the strongest risk-adjusted
trading outcomes.

2. Literature Review
2.1. Artificial Intelligence in Commodity Market Forecasting

Over the past decade, financial and commodity market forecasting has undergone
substantial methodological development, largely driven by the rapid adoption of machine
learning and deep learning techniques [27–30]. Recent review studies further confirm that
machine learning and deep learning methods have become dominant research directions in
financial forecasting, while emphasizing that no single forecasting architecture consistently
outperforms all alternatives across different market environments. Instead, forecasting
performance depends on market characteristics, data quality, forecasting horizon, and the
presence of structural changes [18,19].

Traditional econometric models, such as ARIMA and VAR, often struggle to capture the
nonlinear patterns, volatility dynamics, and structural changes that characterize financial
time series [31–33]. Consequently, research has increasingly shifted toward deep neural
architectures capable of modeling complex temporal dependencies. Nevertheless, the
empirical literature can be broadly classified into three groups. The first group comprises
classical statistical and econometric approaches, including ARIMA, VAR, and volatility
models, which remain attractive because of their transparency and interpretability. The
second group consists of machine learning algorithms, such as Support Vector Regression
(SVR), Random Forest (RF), boosting methods, and other ensemble techniques, which are
capable of modelling nonlinear relationships but whose performance often depends on
feature engineering, sample characteristics, and the treatment of non-stationarity [15]. The
third group includes deep learning architectures specifically designed for sequential data,
such as recurrent, convolutional, and transformer-based models.

Among the most widely applied approaches are Recurrent Neural Networks (RNNs)
and their advanced variants, particularly Long Short-Term Memory (LSTM) and Gated
Recurrent Unit (GRU) models. These architectures are specifically designed to capture
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long-range temporal dependencies, a critical feature of financial and commodity market
data [34–36]. Empirical studies have demonstrated that LSTM-based models frequently
achieve substantially lower forecasting errors than conventional statistical methods, par-
ticularly under highly volatile market conditions. However, recent review studies also
indicate that the superiority of LSTM-type models is not universal and depends on market
conditions, forecasting horizon, and data frequency. Attention-enhanced and CNN-LSTM
architectures often rank among the best-performing approaches, although no single model
consistently dominates across all forecasting tasks [20,21].

GRU architectures emerged as a simplified alternative to LSTMs, employing fewer
parameters while preserving the ability to model long-term dependencies [37–39]. GRU
models may be particularly advantageous in applications characterized by limited data
availability or where computational efficiency is a relevant consideration. Recent studies
further suggest that GRU architectures can incorporate economic consistency into the
learning process, for example by embedding the negative elasticity relationship between
demand and prices [40].

More advanced architectures have also been introduced in financial time-series fore-
casting. Temporal Convolutional Networks (TCNs), for example, employ convolutional
layers to efficiently process long-term temporal patterns while offering a more stable train-
ing process than conventional RNN-based approaches [41–44]. Empirical evidence suggests
that TCN models may be particularly effective in forecasting nonlinear and noisy financial
time series. Recent developments have increasingly focused on transformer-based archi-
tectures, among which the Temporal Fusion Transformer (TFT) has attracted considerable
attention. These models can simultaneously handle multivariate time series, exogenous
variables, and multiple forecasting horizons [45,46]. Several studies report that TFT models
often outperform earlier deep learning approaches, particularly when applied to com-
plex financial datasets [47,48]. The adoption of deep learning techniques has therefore
significantly enhanced forecasting capabilities in commodity markets. Nevertheless, the
literature increasingly emphasizes that statistical accuracy alone is insufficient for assessing
the economic value of forecasting models, particularly when forecasts serve as inputs for
trading and investment decisions [49]. Recent applications in commodity markets similarly
indicate that forecasting models should be evaluated not only according to conventional
statistical accuracy measures but also with respect to their ability to support practical
decision-making, including trading, hedging, and risk management [50].

Industrial metals, and copper in particular, occupy a central position in the global
economy due to their extensive use in manufacturing, energy infrastructure, and electronics
production. Over recent decades, demand for raw materials has increased substantially,
driven primarily by global economic growth and industrial expansion [51–54]. According
to the United States Geological Survey [55], this trend is partly attributable to technolog-
ical progress, as many modern technologies—including electric vehicles and renewable
energy systems—require large quantities of conductive metals. At the same time, metal
price volatility represents a significant economic risk, particularly for countries whose
economies depend heavily on commodity exports [56]. Because metals constitute an impor-
tant source of export revenue for many nations, fluctuations in their prices directly affect
macroeconomic stability and economic performance [57].

The dynamics of copper markets are shaped not only by fundamental supply and
demand factors but also by broader macroeconomic and financial developments. Previous
research has shown that global business cycles, exchange-rate movements—especially
fluctuations in the U.S. dollar—and geopolitical uncertainty exert significant influence
on copper price behavior [58,59]. Given these complex interactions, copper price fore-
casting plays an important role for industrial firms, investors, and policymakers alike, as
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reliable forecasts can contribute to improved risk management and more effective decision-
making [60,61]. Price volatility directly affects the profitability of mining, smelting, and
manufacturing companies, as well as their investment and risk-management strategies [62].

Recent copper-specific studies further demonstrate that tree-based methods, SVR,
neural networks, LSTM, and hybrid deep learning architectures can improve forecasting
accuracy relative to traditional statistical benchmarks, particularly when nonlinear dy-
namics are present. Nevertheless, the reported superiority of individual model classes is
not consistent across different sample periods and forecasting horizons, suggesting that
market regimes and structural changes substantially influence model performance [25,26].
Moreover, most existing studies continue to emphasize point-forecast accuracy, whereas
comparatively little attention has been devoted to assessing whether forecasts also provide
economically useful trading or hedging signals.

Overall, the literature indicates that forecasting methodologies for industrial metals
have evolved considerably, shifting from traditional statistical techniques toward machine
learning and deep learning architectures. However, most existing studies continue to
focus on models such as ARIMA, Support Vector Machines (SVMs), conventional neural
networks, and LSTM-based architectures. By contrast, the application of more recent
temporal deep learning models, including Temporal Convolutional Networks (TCNs)
and Temporal Fusion Transformers (TFTs), remains relatively limited in the context of
copper price forecasting. Furthermore, relatively few studies have systematically compared
statistical, machine learning, and modern deep learning approaches within a unified
evaluation framework that simultaneously considers statistical accuracy, dynamic pattern
reproduction, statistical significance, and economic performance. This suggests that the
adoption of modern time-series architectures represents a promising avenue for future
research aimed at improving both forecasting accuracy and the economic usefulness of
copper market predictions.

2.2. Structural Breaks and Their Importance in Time-Series Modeling

One of the fundamental characteristics of economic and financial time series is the
frequent presence of structural breaks. A structural break occurs when the underlying
data-generating process changes over time as a result of events such as economic crises,
political developments, or technological transformations [63–65]. Ignoring such breaks
may bias statistical estimates and substantially reduce forecasting accuracy. The econo-
metric literature offers a variety of approaches for identifying structural breaks. Among
the classical methods is the Chow test, which evaluates the stability of regression param-
eters when the break date is known a priori [66]. However, its applicability is limited
because the timing of structural changes is rarely known in advance in real-world economic
processes. To address this limitation, the Zivot–Andrews test was developed, allowing
the most significant structural break in a time series to be determined endogenously [67].
Unlike conventional unit root tests, this approach explicitly accounts for structural breaks
that might otherwise lead to misleading conclusions regarding stationarity. Empirical
applications have demonstrated the effectiveness of the Zivot–Andrews test in detecting
breaks associated with major economic shocks, including financial crises and exchange-rate
fluctuations [68]. Accounting for structural breaks is particularly important in forecasting
applications. Models calibrated under one economic regime may experience a substantial
deterioration in predictive performance following a regime shift [69,70]. The literature
identifies the failure to account for such regime changes as one of the primary sources of
forecasting errors. Consequently, recent research has increasingly focused on integrating
structural-break detection mechanisms into machine learning frameworks [71].
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2.3. Forecasting Accuracy and Trading Performance

The performance of forecasting models is traditionally evaluated using statistical error
metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean
Absolute Percentage Error (MAPE). While these measures facilitate comparisons across
competing models, they do not necessarily reflect the economic value of forecasts [72]. In
financial and energy-market applications, the ultimate objective of forecasting is often not
merely to predict prices accurately but to support profitable trading decisions. From this
perspective, the economic value of a forecasting model depends primarily on its ability to
facilitate successful trading strategies.

An increasing body of literature highlights that statistical accuracy and trading per-
formance frequently diverge. Empirical studies have shown that models achieving the
best RMSE or MAE values do not necessarily generate the most profitable trading out-
comes [73]. This discrepancy arises partly because statistical error measures assess the
average magnitude of forecast errors, whereas financial decision-making often depends
more heavily on correctly predicting the direction of price movements [74,75]. As a result,
several studies advocate alternative evaluation frameworks that are more directly linked to
trading applications [76,77].

Examples include direction-based long-short strategies, confidence-filtered trading
rules, volatility-scaled position sizing, ensemble signal aggregation, and reinforcement-
learning frameworks that directly optimize sequential trading decisions, as summarized by
Bhuiyan et al. (2025) [50]. Under such approaches, model performance is assessed not only
through statistical errors but also through realized economic outcomes, including returns,
drawdowns, win rates, and risk-adjusted performance measures.

These findings suggest that the evaluation of financial forecasting models should
rely on an integrated framework that simultaneously considers statistical accuracy and
economic usefulness [78–80].

Recent empirical evidence further indicates that machine-learning forecasts can gener-
ate substantial economic gains when they successfully capture nonlinear interactions and
tradable directional information, even if this does not coincide with the lowest conventional
forecasting error. This phenomenon has been demonstrated in financial-market applica-
tions by Fischer and Krauss [20] and Gu et al. [81], who show that economic performance
may diverge from purely statistical forecast accuracy. Consequently, model evaluation
should extend beyond traditional error metrics to include indicators that reflect practical
decision-making performance.

This consideration is particularly relevant in commodity markets, where price move-
ments are highly volatile and frequently characterized by regime shifts. In such environ-
ments, it is essential to assess the extent to which forecasting models can support practical
trading decisions. The literature indicates that machine learning and deep learning ap-
proaches have substantially advanced the forecasting of financial and commodity prices,
particularly in modeling nonlinear patterns and long-term dependencies [82]. Nevertheless,
numerous studies emphasize that commodity markets are often characterized by structural
breaks and regime shifts that can significantly affect model stability and out-of-sample
performance. Under such conditions, patterns learned from historical data may rapidly
lose predictive relevance, posing particular challenges for longer forecasting horizons [83].

Relatively few studies simultaneously examine the performance of different ma-
chine learning models in environments characterized by structural breaks and investi-
gate the extent to which their forecasts can be effectively translated into trading deci-
sions. This gap is especially evident in industrial metal markets, such as copper, where
prices are influenced simultaneously by macroeconomic cycles, financial factors, and
geopolitical shocks.
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The Error-Profit Paradox provides a useful conceptual framework for explaining this
discrepancy, emphasizing that statistical forecast accuracy and economic usefulness are
related but not identical objectives. Accordingly, the present study evaluates the forecasting
performance of a range of statistical, machine-learning, and deep-learning models in the
copper market, with particular emphasis on periods characterized by structural breaks. The
objective is not only to compare the statistical accuracy of alternative forecasting approaches
but also to examine the extent to which these models can contribute to practical trading
and investment decision-making by combining conventional error metrics with Taylor
diagrams, time-lagged cross-correlation analysis, and forecast-driven trading simulation.

3. Materials and Methods
3.1. Data

The analysis focuses on two distinct periods of copper price dynamics. The first
interval covers the period from 1 June 2014 to 31 December 2022, representing market
conditions before and during the COVID-19 pandemic. The second interval spans 1 June
2017 to 31 December 2025, capturing the post-pandemic copper market characterized by
heightened volatility and structural changes. The use of these two samples enables a
comparison of model performance across different market regimes, with particular em-
phasis on the evolution of price dynamics over time. The selection of the 2022 and 2025
calendar years as the focal regimes for our comparative evaluation is driven by profound
and distinct macroeconomic and geopolitical transformations in the global commodity
markets, which represent ideal stress-testing environments for predictive algorithms. The
2022 regime encapsulates an unprecedented energy crisis triggered by the outbreak of
the Russia-Ukraine conflict, coupled with a historic monetary policy pivot as the Federal
Reserve initiated an aggressive interest rate hike cycle. These factors combined to inject
extreme volatility into base metal markets, fundamentally altering established price velocity
and correlation structures for copper. Conversely, the 2025 regime represents a structurally
distinct phase of market disruption, characterized by severe supply-side shocks—including
protracted operational disruptions in major Latin American copper mines (e.g., Morenci
Mine—Arizona/USA, Kennecott Copper Project—Utah/USA)—juxtaposed against highly
volatile demand signals from the shifting global green energy transition and fluctuating
industrial outputs in major consuming economies. Evaluating model performance across
these two entire calendar years ensures that the predictive architectures are stress-tested
not merely against isolated price spikes, but against comprehensive, structurally distinct
macroeconomic cycles encompassing the pre-shock uncertainty, the immediate crisis, and
the subsequent market recalibration. Daily copper futures price data were obtained from
the Yahoo Finance database. Since the analysis was conducted within a sequential fore-
casting framework, the time series were used in their natural chronological order. No
data imputation or artificial data augmentation techniques were applied. This approach
ensures that the forecasting models rely exclusively on historically observed information,
consistent with the methodological principles of time-series forecasting. When interpreting
the samples, it is important to distinguish between the full dataset and the subsamples
used for descriptive and forecasting purposes. Table 1 summarizes the stationarity and
structural break tests performed on the complete available time series covering the period
from 1 June 2014 to 31 December 2025.

The stationarity properties of copper prices were examined using several unit root tests
(Table 1), including the Augmented Dickey–Fuller (ADF), Phillips–Perron (PP), DFGLS,
and KPSS tests, as well as the Zivot–Andrews test, which explicitly accounts for structural
breaks. The ADF test produced a test statistic of −0.2714 with a p-value of 0.9295, indicating
that the null hypothesis of a unit root cannot be rejected. Similar results were obtained
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from the Phillips–Perron test, which yielded a statistic of −0.4132 and a p-value of 0.9079,
likewise suggesting the presence of a non-stationary process. The DFGLS test further
confirmed this conclusion, reporting a statistic of −0.0833 and a p-value of 0.6642, which
again does not permit rejection of the unit root null hypothesis. In contrast, the KPSS test
(null hypothesis assumes stationarity) returned a statistic of 6.7899 with a p-value of 0.0100,
leading to rejection of the stationarity hypothesis. Taken together, the results of these tests
provide consistent evidence that the copper price series is non-stationary in levels, a finding
that is consistent with the typical characteristics of financial and commodity price series.
The Zivot–Andrews test, which allows for endogenous structural breaks, produced a test
statistic of −3.2805 and a p-value of 0.8047, indicating that the null hypothesis of a unit
root cannot be rejected even after accounting for structural changes. Nevertheless, the
test identified two potential breakpoints within the sample period. The first structural
break occurred on 9 June 2022, while the second significant breakpoint was detected on 31
July 2025. These findings suggest that copper price dynamics are characterized not only
by non-stationarity but also by substantial structural changes over time. The presence
of structural breaks is particularly relevant for forecasting applications, as changes in
market regimes may affect both the predictive performance and stability of forecasting
models. Consequently, evaluating model performance across periods before and after
these structural shifts is essential for assessing forecasting robustness under changing
market conditions.

Table 1. Results of unit root, structural break and stationarity tests for copper (1 June 2014 to
31 December 2025).

Statistics Value

ADF stat −0.2714

ADF p-value 0.9295

KPSS stat 6.7899

KPSS p-value 0.0100

PP stat −0.4132

PP p-value 0.9079

DFGLS stat −0.0833

DFGLS p-value 0.6642

ZA stat −3.2805

ZA p-value 0.8047

Structural break 2022 (Zivot-Andrews) 9 June 2022

Structural break 2025 (Zivot-Andrews) 31 July 2025
Source: authors’ research.

3.2. Methods

The study evaluates a diverse set of forecasting models representing three main
methodological families: classical statistical models, machine learning algorithms, and
deep learning architectures. This selection enables a comprehensive comparison of linear,
nonlinear, and sequence-based approaches for modelling copper price dynamics under
varying market conditions.

Classical statistical models are included as benchmark approaches due to their strong
theoretical foundation and widespread use in time-series forecasting. In particular, the
autoregressive integrated moving average (ARIMA) model is employed to capture lin-
ear dependencies and temporal autocorrelation in copper price movements. Despite its
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structural simplicity, ARIMA remains a competitive baseline in commodity forecasting
literature, often providing robust performance in relatively stable market environments.

3.2.1. Autoregressive Integrated Moving Average (ARIMA)

The Autoregressive Integrated Moving Average (ARIMA) model represents one of the
foundational approaches in time-series analysis and has long been applied in commodity
and metal price forecasting due to its mathematical rigor and interpretability. The underly-
ing assumption of ARIMA is that the future evolution of a time series (yt) can be modeled as
a linear function of past observations and previous forecast errors, provided that the series
is rendered stationary. The framework consists of three components: the autoregressive
(AR) component captures persistence in past values; the integrated (I) component removes
stochastic trends through differencing; and the moving average (MA) component models
the gradual dissipation of random shocks. In industrial metal markets, particularly copper,
ARIMA is well suited to capturing inertia effects and mean-reverting behavior arising from
inventory dynamics and market expectations. Mathematically, an ARIMA (p, d, q) process
can be expressed using the lag operator (L) as:

Φ(L)
(

1 − L)dyt = c + θ(L)εt (1)

where the autoregressive polynomial is defined as

Φ(L) = 1 −
p

∑
i=1

ΦiLi (2)

and the moving-average polynomial as

θ(L) = 1 −
q

∑
j=1

θjLj. (3)

The term (1 − L)d denotes differencing of order d, which removes stochastic trends,
while εt represents a white-noise process, εt ∼ WN

(
0, σ2). In this study, ARIMA serves as a

benchmark model against which the performance of more advanced machine learning and
deep learning approaches can be assessed. Owing to its low computational requirements
and transparent parameterization, ARIMA continues to be regarded as a reference model
in forecasting and supply chain management applications [84].

Machine learning models are incorporated to capture nonlinear relationships in the
data without relying on explicit assumptions about the underlying data-generating process.
The study considers AdaBoost, Random Forest (RF) and Support Vector Regression (SVR)
as representative ensemble and kernel-based learning methods.

These models are capable of identifying complex interactions between input features;
however, they generally treat observations as independent and identically distributed,
which limits their ability to explicitly model sequential dependencies in time-series data. As
a result, their performance in capturing long-term temporal structures may be constrained
compared to sequence-aware architectures.

3.2.2. Adaptive Boosting (AdaBoost)

Adaptive Boosting (AdaBoost) is an ensemble-based machine learning algorithm
that combines multiple weak learners to construct a stronger predictive model. It has
been widely applied across various forecasting tasks, including financial and commodity
market prediction. The algorithm builds the ensemble iteratively, assigning greater weight
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to observations that were incorrectly predicted by previous learners. This weighting
mechanism enables the model to progressively improve its forecasting performance [85].

The final AdaBoost prediction can be expressed as:

F(x) =
T

∑
t=1

αtht(x) (4)

where F(x) denotes the final forecast, T is the number of boosting iterations (i.e., weak
learners), ht(x) represents the prediction generated by the t-th learner, and αt denotes the
weight assigned to that learner based on its predictive performance. The key advantage
of AdaBoost lies in its ability to combine information from multiple weak learners while
assigning greater importance to more accurate predictors. As a result, the method can
effectively capture nonlinear patterns and complex data structures. This characteristic
is particularly valuable in financial time-series forecasting, where commodity prices fre-
quently exhibit high volatility and nonlinear behavior. In the present study, AdaBoost is
employed to forecast copper prices, allowing its performance to be compared directly with
both traditional statistical models and deep learning architectures.

3.2.3. Random Forest Regression (RFR)

Random Forest (RF) is an ensemble learning method that combines multiple decision
trees to achieve higher predictive performance than individual models. The algorithm is
based on the principle that each decision tree is trained on a randomly selected bootstrap
sample of the dataset. During model construction, binary recursive partitioning (BRP) is
applied, whereby a random subset of input variables is evaluated at each split to identify
the optimal partition. This procedure is recursively repeated within each partition until
terminal nodes are reached.

The configuration of a Random Forest model is primarily determined by three pa-
rameters: the number of trees (n), the set of candidate predictors (K), and the maximum
tree depth (J). Individual trees function as weak learners, denoted by τi, while the final
prediction is obtained through aggregation of their outputs [86].

For a new observation, the predicted value is given by [87]:

R̂(x) =
1
n

n

∑
i=1

r̂i(x) (5)

where r̂i(x) represents the prediction generated by the i-th decision tree. By averaging
across multiple trees, Random Forest effectively reduces variance and improves gener-
alization performance, making it particularly suitable for noisy commodity-market data
characterized by complex nonlinear relationships.

3.2.4. Support Vector Regression (SVR)

Support Vector Regression (SVR) is an extension of the Support Vector Machine
(SVM) framework designed specifically for continuous-value prediction tasks, such as
commodity price forecasting in environments characterized by substantial complexity
and nonlinear dynamics. The methodology is based on the principle of structural risk
minimization, aiming to construct a function that achieves the widest possible margin
while maintaining predictive accuracy. In financial applications, SVR is particularly ef-
fective at filtering irrelevant noise and enhancing forecast stability. The approach maps
input observations xi ∈ Rd into a higher-dimensional feature space H through a trans-
formation function Φ, where nonlinear relationships can be represented as linear struc-
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tures. The optimal regression function is subsequently determined through quadratic
optimization procedures [88].

The decision function can be expressed as:

f (x) = sgn

(
n

∑
i=1

αiyiK(x, xi) + b

)
(6)

where K(x, xi) denotes the kernel function, αi are the support vector coefficients, yi repre-
sents the target value, and b is the intercept term. The flexibility of SVR is largely derived
from the choice of kernel functions, such as the radial basis function (RBF), polynomial, or
sigmoid kernels, which enable the model to capture nonlinear dependencies in the data.
SVR is particularly effective in high-dimensional settings; however, careful selection of
kernel specifications and regularization parameters is essential to prevent overfitting and
ensure robust out-of-sample performance [89].

Deep learning models are included due to their ability to explicitly model tempo-
ral dependencies and nonlinear dynamics in sequential data. The study considers Long
Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Temporal Convolutional Net-
work (TCN), DLinear, and Temporal Fusion Transformer (TFT). Recurrent architectures
such as LSTM and GRU incorporate memory mechanisms that allow them to retain and
update relevant historical information over time, making them particularly suitable for
financial and commodity time series characterized by volatility clustering and structural
changes. TCN extends this capability using convolutional filters to capture long-range de-
pendencies, while DLinear introduces a decomposition-based structure that separates trend
and seasonal components. TFT further enhances interpretability by combining attention
mechanisms with sequence modelling, enabling dynamic feature selection across time.

3.2.5. DLinear

The DLinear model challenges the growing complexity of Transformer-based forecast-
ing approaches by revisiting the effectiveness of linear structures augmented with modern
decomposition techniques. The central premise of the model is that sophisticated attention
mechanisms may introduce unnecessary noise, whereas properly configured linear layers
can more robustly identify underlying trends. DLinear decomposes a time series into trend
and seasonal components using a moving-average filter and subsequently processes these
components through separate weighted linear transformations [90]:

ŷ = Wtxtrend + Wsxseason + b (7)

where Wt and Ws denote the weight matrices associated with the trend and seasonal compo-
nents, respectively. This parsimonious architecture offers a high degree of robustness and
interpretability, characteristics that are often particularly valuable in economic and manage-
rial decision-making contexts. Furthermore, its relatively low computational requirements
make DLinear well suited for large-scale scenario analyses and sensitivity testing.

3.2.6. Gated Recurrent Unit (GRU)

The Gated Recurrent Unit (GRU) is a streamlined alternative to the Long Short-Term
Memory (LSTM) architecture, combining memory and gating mechanisms within a more
compact framework. The GRU relies on two principal gates: the update gate (zt) and
the reset gate (rt), which jointly regulate the information contained in the hidden state
(ht). By reducing the number of trainable parameters, GRU often achieves predictive
performance comparable to that of LSTM while requiring lower computational resources
and exhibiting faster convergence. These characteristics make it particularly attractive for
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real-time industrial decision-support systems. In commodity markets, GRU effectively
models nonlinear price dynamics while maintaining stable training behavior. Its simpler
architecture also reduces the risk of overfitting when only limited data are available [91].

The model is defined by the following equations:

zt = σ(Wz[ht−1, xt] + bz) (8)

rt = σ(Wr[ht−1, xt] + br) (9)
∼
ht = tanh(W[rt ⊙ ht−1, xt] + b) (10)

ht = (1 − zt)⊙ ht−1 + zt ⊙
∼
ht (11)

From a managerial perspective, GRU offers an attractive balance between model
complexity and forecasting accuracy. Its inclusion in this study enables a direct comparison
among gated recurrent architectures and facilitates an assessment of whether the additional
complexity of LSTM is justified in the context of industrial metal price forecasting.

3.2.7. Long Short-Term Memory (LSTM)

The Long Short-Term Memory (LSTM) network is an extension of the standard re-
current neural network (RNN) architecture, specifically designed to address long-term
temporal dependencies and the vanishing gradient problem [92]. Its defining feature is the
memory cell (Ct), which allows information to be retained or selectively discarded through
dedicated gating mechanisms.

For copper futures prices, such long-term dependencies may arise from multi-year
production cycles, strategic investment decisions, and persistent macroeconomic trends.
Information flow within the network is regulated through three gates: the forget gate
( ft), which determines which information should be discarded; the input gate (it), which
controls the incorporation of new information; and the output gate (ot), which governs the
information transferred to the hidden state.

The LSTM architecture can be represented as follows:

ft = σ
(

W f [ht−1, xt] + b f

)
(12)

it = σ(Wi[ht−1, xt] + bi) (13)
∼
Ct = tanh(WC[ht−1, xt] + bC) (14)

Ct = ft ⊙ Ct−1 + it ⊙
∼
Ct (15)

ot = σ(Wo[ht−1, xt] + bo) (16)

ht = ot ⊙ tanh(Ct) (17)

where σ denotes the sigmoid activation function and ⊙ represents element-wise multiplica-
tion. From an economic perspective, the ability of LSTM networks to capture persistent
effects may facilitate more reliable medium-term forecasts, which are particularly valuable
for procurement planning and cost management. Although computationally intensive,
their robustness and adaptability to volatile commodity-market conditions justify their
widespread use. In this study, LSTM is included to evaluate whether the introduction of
memory cells yields measurable improvements in forecasting performance for complex
commodity price dynamics [93].
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3.2.8. Temporal Convolutional Network (TCN)

The Temporal Convolutional Network (TCN) represents a modern alternative to recur-
rent architectures for sequential data modeling. Instead of relying on recurrent connections,
TCN employs causal and dilated convolutions to capture temporal dependencies. Its
principal advantage over RNN-based models is its ability to perform parallel computation,
resulting in more stable gradient propagation and faster training. Through the use of di-
lated convolutions, TCN can effectively capture long-range temporal dependencies without
requiring excessively deep network structures [94]. In the context of copper price fore-
casting, this architecture can simultaneously model short-term volatility and longer-term
cyclical dynamics driven by underlying market fundamentals.

The TCN framework can be formalized as:

yt = xt +

L

∑
l=1

K−1

∑
k=0

w(l)
k xt−dlk (18)

where xt denotes the input, yt output, L number of convolutional blocks, l layer index, K
kernel size, k kernel index, w convolutional weights, and d dilation factor. The network
further incorporates residual connections that facilitate efficient training of deeper architec-
tures. From an operational perspective, TCN is particularly well suited to rolling-window
forecasting frameworks, while its fixed receptive field contributes to robust performance in
the presence of noisy industrial and financial data.

3.2.9. Temporal Fusion Transformer (TFT)

The Temporal Fusion Transformer (TFT) is one of the most comprehensive archi-
tectures currently available for time-series forecasting, specifically designed to integrate
heterogeneous data sources, including historical observations, known future inputs, and
static metadata. TFT combines the sequential modeling capabilities of LSTM networks with
the attention mechanisms of Transformer architectures, while employing Gated Residual
Networks (GRNs) to dynamically assess the relevance of input variables. This structure
enables the model to filter out temporarily irrelevant information and focus on the most
influential market drivers [95]:

ŷt =
T

∑
τ=1

βt,τ GRN

(
LSTM

(
M

∑
i=1

αt,ixτ,i

))
(19)

where M denotes the number of input variables, T represents the number of considered
time steps, βt,τ are temporal attention weights, and αt,i are variable-selection weights. A
key feature of TFT is its multi-horizon attention mechanism, which identifies the historical
observations that are most relevant to a particular forecast. This enhances model inter-
pretability and provides a degree of transparency that is often lacking in deep learning
applications. Consequently, TFT not only generates forecasts but also offers insights into
the underlying drivers of its predictions. Given its ability to model regime shifts, nonlin-
ear dependencies, and complex cyclical patterns, TFT is widely regarded as one of the
state-of-the-art approaches for forecasting commodity markets, including copper prices.

The inclusion of models from these three categories ensures that the analysis captures
a broad spectrum of forecasting philosophies, ranging from linear statistical assumptions
to highly flexible deep learning architectures. This diversity is essential for evaluating
whether increasing model complexity leads to consistent improvements in forecasting
accuracy and economic performance. Importantly, all models are evaluated under an
identical experimental framework, ensuring comparability across methodologies. This
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design allows the study to isolate differences in predictive performance attributable to
model structure rather than data processing or evaluation inconsistencies. The performance
of these models is assessed using a multidimensional evaluation framework that integrates
statistical accuracy metrics, significance testing, dynamic similarity measures, and economic
performance evaluation. This framework is described in the following section.

3.3. Rolling Window, Forecasting Design and Hyperparameters

The hyperparameter configurations employed for each forecasting model are pre-
sented in detail in Table 2. Separate optimization procedures were conducted for the 2022
and 2025 market regimes, with each architecture individually calibrated using the complete
dataset available for the respective period. During the forecasting process, a 50-day rolling-
window approach was implemented. This procedure served a dual purpose: it ensured
the continuous incorporation of the most recent market information and functioned as a
time-series cross-validation mechanism. Consequently, the risk of overfitting was miti-
gated while maintaining the temporal stability of the forecasting models. The choice of
a 50-day rolling window is motivated by its widespread acceptance as a benchmark for
medium-term trend analysis in commodity markets, balancing the need for sufficient train-
ing data with the capacity to rapidly adapt to structural breaks. While alternative window
lengths could offer additional insights, a comprehensive sensitivity analysis across multiple
window specifications lies beyond the scope of this paper due to the high computational
complexity of the deep learning architectures; this has been noted as a future research
direction. To preserve causality, a strict time-based data partitioning strategy was adopted.
For the first sample period, the training dataset covered the interval from 1 June 2014 to 31
December 2021, while the second training period extended from 1 June 2017 to 31 Decem-
ber 2024. The corresponding test sets were restricted to the calendar years 2022 and 2025,
respectively. Random sampling procedures were deliberately avoided in order to preserve
the temporal structure of the time series. The forecasting horizons of 6 and 12 months were
selected to reflect the operational realities of corporate and institutional decision-makers in
the copper supply chain. These horizons correspond directly to standard semi-annual and
annual corporate budgeting, resource procurement, and financial hedging cycles, where
long-term directional accuracy is paramount for risk mitigation. Hyperparameter tuning
was performed using grid search, with each validation step relying exclusively on historical
observations. This approach ensured the complete elimination of information leakage
(look-ahead bias) between training and evaluation phases. For neural network and hybrid
architectures, an early stopping strategy was employed based on the evolution of the Mean
Absolute Error (MAE) measured on the validation set. Training was terminated once no
further improvement in validation performance was observed, and the model weights
corresponding to the epoch with the lowest validation loss were retained. This procedure
enhanced both the generalization capability of the models and the reliability of the resulting
forecasts. To ensure adaptability to changing macroeconomic conditions, hyperparameter
optimization was conducted separately for each model category and sample period.

Prior to model estimation, all time series were normalized using Min–Max scaling.
This transformation maps observations to the [0, 1] interval while preserving the original
distributional characteristics and relative differences within the data. Such preprocessing
is essential for ensuring numerical stability and facilitating faster convergence in deep
learning models.

All computations were performed in a Python 3.14 environment. Model de-
velopment and evaluation were implemented using the TensorFlow and Scikit-learn
frameworks, leveraging their specialized functionalities for time-series validation and
hyperparameter optimization.
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Table 2. Hyperparameter search space and model configurations for the forecasting models.

Model Parameters Value
Best Parameters

2022 2025

ARIMA p, d, q 1, 1, 1 - -

AdaBoost

Number of Estimators 50; 100; 150; 200; 250; 300 100 250

Base learner Decision trees regressor - -

Max depth 1; 2; 3; 4; 5; 6; 7; 8; 9; 10 6 8

Learning rate 0.001; 0.01; 0.1 0.01 0.001

DLinear

Kernel size (multi-scale temporal kernels) 5, 10, 25, 50 25 10

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Batch size 16, 32, 64 64 16

Activation Linear Linear Linear

Optimizer Adam Adam Adam

RNN

Hidden Layers 2 2 2

Hidden layer neuron count 100, 150 150 150

Batch size 16, 32, 64 32 32

Epochs 100 - -

Activation ReLU, Tanh, Sigmoid, Linear Sigmoid ReLU

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Optimizer Adam Adam Adam

LSTM

Hidden Layers 2 2 2

Hidden layer neuron count 100, 150 100 150

Batch size 16, 32, 64 32 32

Epochs 100 - -

Activation ReLU, Tanh, Sigmoid, Linear Tanh Tanh

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Optimizer Adam Adam Adam

GRU

Hidden Layers 2 2 2

Hidden layer neuron count 100, 150 150 100

Batch size 16, 32, 64 32 32

Epochs 100 - -

Activation ReLU, Tanh, Sigmoid, Linear Tanh Tanh

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Optimizer Adam Adam Adam

RFR

Number of Estimators 50; 100; 150; 200; 250; 300 200 100

Max depth 1; 2; 3; 4; 5; 6; 7; 8; 9; 10 6 5

Min samples leaf 1; 2; 3; 4; 5; 6; 7; 8; 9; 10 7 6

Min samples split 1; 2; 3; 4; 5; 6; 7; 8; 9; 10 6 4

SVR

Kernel linear; poly; sigmoid; rbf rbf rbf

C 0.1; 1; 10; 100 100 100

Gamma scale; auto auto auto

Epsilon 0.01; 0.1; 0.5 0.01 0.1
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Table 2. Cont.

Model Parameters Value
Best Parameters

2022 2025

TCN

Number of layers 2 2 2

Number of filters 16, 32, 64 32 64

Kernel size 3 3 3

Dilation factors 1, 2, 3, 4 3 4

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Batch size 16, 32, 64 16 16

Activation ReLU, Tanh, Sigmoid, Linear Tanh Tanh

Optimizer Adam Adam Adam

TFT

Embedding dimension (d_model) 32, 64 32 32

Number of LSTM layers 2 2 2

Number of LSTM units 50, 100, 150 100 50

Number of attention heads 3, 4 3 3

Dropout rate 0.1; 0.01; 0.001 0.001 0.001

Batch size 16, 32, 64 32 16

Activation ReLU, Tanh, Sigmoid, Linear Tanh Tanh

Optimizer Adam Adam Adam
Source: authors’ research.

To ensure methodological transparency and the highest standards of reproducibility,
the hyperparameter optimization and training protocols for the deep learning architectures
(specifically the GRU, LSTM, TCN, and TFT models) were structured as follows. First,
regarding the computational budget, an exhaustive grid search was executed across the
entire predefined hyperparameter space (e.g., examining all combinations of hidden units,
dropout rates, and learning rates). No artificial constraints or premature termination bud-
gets were applied, ensuring that each architecture reached its optimal predictive capacity
within the specified search domain. Second, to prevent any data leakage, a strict temporal
data-splitting protocol was implemented utilizing a structural temporal threshold (split
date: 1 January 2022 and 1 January 2025). The model training was performed strictly on
the historical data prior to this threshold (training set). The hyperparameter selection was
subsequently guided by minimizing the Mean Absolute Error (MAE) on the validation
set, ensuring that the chosen configuration reflects strong generalization capabilities on
unseen data. Third, regarding network initialization, the training framework relied on
the robust, optimized default weight initializers embedded within the TensorFlow/Keras
environment. The validation set comprised the last 20% of each training window and
early stopping with a patience of 12 epochs was applied. To secure exact numerical re-
producibility and mitigate potential stochastic variations stemming from initial weight
assignments, a standardized global pseudo-random number generator seed was integrated
into the final execution scripts, stabilizing the internal state of the layers and ensuring that
the documented performance differentials strictly reflect architectural capabilities rather
than initialization artifacts.

3.4. Algorithmic Trading Simulation and Risk Management

The evaluation of the predictive models’ practical utility is conducted through a
parameter-sensitive trading framework, which is systematically benchmarked against a
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conventional passive (Buy-and-Hold) investment strategy. The methodology’s core logic
involves translating model-generated price estimations into actionable market positions,
subsequently optimizing the risk-adjusted performance—quantified by the Sharpe Ratio—
through a multi-dimensional grid of stop-loss (SL), take-profit (TP), and volatility lookback
parameters. The strategy operates on the premise of directional convergence. If the model’s
price estimation for period t (ypred,t) exceeds the current spot price (yt), the algorithm
triggers a long position, anticipating an upward correction. Conversely, if the forecasted
value is lower than the realized market price, a short position is initiated. The fundamental
signal logic and the subsequent log-return calculation are formalized as follows:

If ypred,t > yt → Long Position.
If ypred,t < yt → Short Position.
Log return is calculated as follows:

rt = ln
(

Pt

Pt−1

)
(20)

To enhance the strategy’s robustness, we implemented a dynamic risk management
layer based on historical volatility. Three primary hyper-parameters govern this mechanism:

• SL_MULTIPLIER: defines the stop-loss threshold as a function of prior period volatility.
• TP_MULTIPLIER: determines the take-profit level relative to the volatility.
• VOL_LOOKBACK: sets the temporal window (moving standard deviation) used for

volatility estimation.

Volatility and limits are calculated as follows:

σt = stdrolling(rt, VOL_LOOKBACK) (21)

SLt = SL_MULTIPLIER × σt (22)

TPt = TP_MULTIPLIER × σt (23)

Realized returns are truncated if the price reaches these boundaries. For instance, in a
long position, gains exceeding the TP are capped at the TP value, while losses exceeding
the SL are limited to −SL.

Beyond the baseline logic, two advanced filtering techniques were integrated to
assess reliability:

• Confidence-Based Filtering: The strategy calculates a 5-day rolling Mean Absolute
Percentage Error (MAPE). A position is only opened if this error metric remains below
a 3% threshold, effectively using recent model accuracy as a gatekeeper. This threshold
was not chosen arbitrarily but was calibrated to the stylized volatility characteristics
of COMEX/LME copper futures, where daily price fluctuations of this magnitude
typically fall within the range of ordinary intraday noise and bid-ask spreads. The
filter therefore acts as a structural buffer, ensuring that the trading engine opens
positions only when a model signals a macroscopically meaningful trend continuation
or reversal rather than reacting to statistically insignificant micro-fluctuations.

• Dynamic Sizing: The rolling MAPE serves as a scaling factor for capital allocation.
Higher recent error leads to a reduced position size, whereas high historical accuracy
justifies a larger exposure.

The program performs static and cumulative performance analysis, calculating the
most important statistical indicators for each parameter combination and instrument
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examined. These include the average daily return (µ), the standard deviation of the daily
return (σ), and the Sharpe ratio, which is calculated using the standard annualized formula:

µ

σ
×
√

252 (24)

In addition, the function calculates the cumulative return, the maximum drawdown
(which is the largest difference between the local maxima and minima of the cumula-
tive return curve), and the win rate. The calculations are performed separately for the
buy-and-hold benchmark strategy and the dynamically managed strategy, allowing for a
multidimensional comparison of the two approaches. During the optimization process, the
algorithm iterates through a predefined parameter grid. This grid contains the following
values: SL ∈ {0.5, 1.0, 1.5}, TP ∈ {1.5, 2.0, 3.0}, and VOL_LOOKBACK ∈ {10, 20, 30}. The
strategy is run for all possible combinations—27 in total—and then the system selects the
parameter configuration with the highest Sharpe ratio. The setting determined in this way
is stored as a parameter set optimized for the given instrument.

The simulation provides a comparative analysis of cumulative gross returns. In
alignment with standard academic practices in initial model validation, the results do not
account for fiscal obligations (taxes), brokerage commissions, or slippage. This approach
ensures that the performance delta between the Buy-and-Hold benchmark and the active
strategy is purely a reflection of the predictive model’s information value and the efficiency
of the risk management framework. The final output is visualized via cumulative return
charts, enabling a multidimensional assessment of whether the predictive models can
consistently outperform passive market exposure.

3.5. Performance Evaluation Framework
3.5.1. Forecast Accuracy Metrics

To ensure a comprehensive assessment of forecasting performance, this study employs
a multidimensional evaluation framework that integrates four complementary perspectives:
(i) forecast accuracy, (ii) statistical significance, (iii) dynamic similarity, and (iv) economic
performance. This structure allows for a systematic comparison of forecasting models
beyond single-metric evaluation. All models are evaluated under a consistent rolling-
window forecasting design, ensuring that performance comparisons are based on identical
information sets and out-of-sample predictions.

The most commonly used metrics in the literature for evaluating the predictive models
and assessing their accuracy are root mean square error (RMSE), mean absolute error
(MAE), mean absolute percentage error (MAPE) [96,97].

Root mean squared error (RMSE): this performance indicator shows an estimation of
the residuals between actual and predicted values.

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (25)

where ŷi is the estimated value produced by the model, yi is the actual value and n is the
number of observations.

Mean Absolute Error (MAE): this indicator measures the average magnitude of the
error in a set of predictions.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (26)
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Mean Absolute Percentage Error (MAPE): this indicator measures the average magni-
tude of the error in a set of predictions and shows the deviations in percentage.

MAPE =
1
n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (27)

The reliability and precision of the forecasts increase as the values of the evaluation
metrics decrease. From a methodological perspective, RMSE penalizes large forecast
errors more heavily because the residuals are squared, making it particularly sensitive to
outliers compared with MAE. While both RMSE and MAE measure forecast errors in the
original units of the copper futures prices, MAPE expresses the error as a percentage of the
observed price, thereby facilitating comparisons across different forecasting models and
market regimes. Given that this study evaluates forecasting performance for two distinct
periods of the copper futures market characterized by different volatility conditions, MAPE
serves as the primary comparative metric because it provides a scale-independent measure
of forecast accuracy and enables a consistent assessment of model performance across both
sample periods.

3.5.2. Statistical Significance Tests

To assess whether differences in forecasting performance are statistically meaningful,
the Model Confidence Set (MCS) procedure and the Diebold–Mariano (DM) test are applied.
The MCS procedure identifies a subset of statistically superior models based on iterative
elimination of inferior performers. The DM test is used to evaluate pairwise differences
in predictive accuracy between competing models. These statistical tests complement
error-based metrics by distinguishing meaningful performance differences from random
variation.

3.5.3. Dynamic Similarity Analysis

Beyond point-based accuracy, forecasting performance is further evaluated using
Taylor diagrams and time-lagged cross-correlation (TLCC) analysis. Taylor diagrams assess
the ability of models to reproduce the statistical properties of the observed series, including
correlation, standard deviation, and centred root mean squared error. TLCC analysis
evaluates the temporal alignment between predicted and observed price series, focusing on
how well models capture the timing of market movements across different lag structures.
Together, these methods provide insight into the dynamic behaviour of forecasting models
beyond static error measures.

3.5.4. Economic Evaluation (Trading Simulation)

To assess the practical relevance of forecasting models, a rule-based trading simu-
lation is implemented. This simulation evaluates whether improvements in statistical
and dynamic forecasting performance translate into economic gains. Trading decisions
are generated based on forecasted price movements, and performance is evaluated using
cumulative returns under a consistent decision rule applied across all models. This stage
enables the identification of the error–profit paradox, where lower forecasting error does
not necessarily correspond to higher trading profitability.

3.5.5. Cross-Layer Correlation Test

To formally examine the relationship between the accuracy and economic evaluation
layers, this study computes Spearman’s rank correlation coefficient (ρ) between the MAPE
ranking and the Sharpe ratio ranking of the nine forecasting models, separately for each
period and forecasting horizon. Trading performance is assessed using two complementary
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indicators, the Sharpe ratio and the cumulative return, in order to verify that the relationship
is not an artefact of a single performance measure. The coefficient is calculated as:

ρ = 1 −
6∑n

i=1 d2
i

n(n2 − 1)
(28)

where di = R(MAPEi) − R(Sharpei or Returni) denotes the difference between the accuracy
rank and the trading-performance rank of model i, and n is the number of forecasting
models compared (n = 9). A positive and statistically significant ρ indicates that less
accurate models achieved higher trading performance (consistent with the Error–Profit
Paradox), while a negative ρ indicates that forecast accuracy and trading performance are
aligned. This test complements the descriptive comparison presented in Sections 4.1
and 4.4 by quantifying the strength and statistical significance of the paradox across
market regimes.

Figure 1 summarizes the evaluation logic developed throughout Section 3.5. Forecast
accuracy metrics and statistical significance tests (Sections 3.5.1 and 3.5.2) form the numeri-
cal and statistical baseline. Dynamic similarity measures (Section 3.5.3) assess the extent to
which model forecasts reproduce the structural and temporal properties of the observed
price series. The trading simulation (Section 3.5.4) translates forecasting performance into
economic outcomes. Finally, the cross-layer correlation test (Section 3.5.5) formally links
the accuracy layer to the economic layer, closing the evaluation framework introduced in
this section. The empirical results obtained by applying this framework are reported in
Section 4.5.

Figure 1. Summary of the multi-dimensional model evaluation framework applied in this study,
integrating the four analytical layers. Source: authors’ research.

https://doi.org/10.3390/make8070209

https://doi.org/10.3390/make8070209


Mach. Learn. Knowl. Extr. 2026, 8, 209 22 of 45

4. Results
The descriptive statistics presented in Table 3 indicate notable differences in both

the level and distributional characteristics of copper prices across the two study periods.
The average copper price increased from 3.0299 during the first period (2014–2022) to
3.6467 in the second period (2017–2025), suggesting a substantial upward shift in the
overall price level. Median values exhibit a similar pattern (2.8385 and 3.7060, respectively),
further confirming the movement toward higher price levels over time. The increase in
the standard deviation from 0.7041 to 0.7952 suggests a moderate rise in price volatility
during the second period. Minimum and maximum values also shifted upward, indicating
that the entire distribution moved to a higher price range. A comparison of the quartiles
reveals that the central 50% of observations was concentrated at higher price levels in
the later period, reinforcing evidence of a broad-based upward adjustment in copper
prices. The distribution of prices also changed in terms of shape. During the first period,
copper prices exhibited a more pronounced positive skewness (0.8791), indicating a longer
right tail and a greater occurrence of unusually high price observations. In contrast,
the skewness coefficient in the second period (0.1653) was substantially closer to zero,
suggesting a more symmetric distribution. Kurtosis values were negative in both periods
and particularly pronounced during the second interval (−1.0294), indicating a flatter, or
platykurtic, distribution relative to the normal distribution. This result implies a lower
concentration of observations around the mean and thinner tails compared with a Gaussian
benchmark. Overall, the descriptive statistics demonstrate that copper prices in the later
period were characterized by higher average price levels, moderately increased volatility,
and a more balanced distributional structure. These findings are consistent with the
substantial changes observed in global commodity markets during the post-pandemic
period, which was marked by strong demand growth associated with electrification, energy
transition initiatives, and evolving industrial supply chains.

Table 3. Descriptive statistics for Period 1 (1 June 2014 to 31 December 2022) and Period 2 (1 June
2017 to 31 December 2025).

Statistic Period 1 (2014–2022) Period 2 (2017–2025)

N 2160 2160

Mean 3.0299 3.6467

Median 2.8385 3.7060

Standard Deviation 0.7041 0.7952

Min 1.9395 2.1195

Max 4.9290 5.7950

25th Percentile (Q1) 2.5918 2.9035

75th Percentile (Q3) 3.2541 4.2991

Skewness 0.8791 0.1653

Kurtosis −0.1118 −1.0294
Source: authors’ research.

4.1. Results of Copper Price Forecasts for 2022 and 2025

Based on the forecasting results for 2022 (Table 4), model performance can primarily
be evaluated using the Mean Absolute Percentage Error (MAPE), which expresses rela-
tive forecasting error in percentage terms. For the 6-month forecasting horizon, the GRU
model achieved the best performance (MAPE = 1.2955%), closely followed by ARIMA
(MAPE = 1.3043%). The LSTM and DLinear models also produced low MAPE values
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between 1.35% and 1.41%, indicating stable and relatively accurate short-term forecast-
ing performance. In contrast, among the classical machine learning models, AdaBoost
delivered substantially weaker results (MAPE = 3.1926%), while the Random Forest model
also exhibited a relatively high forecasting error (MAPE = 1.8915%). For the 12-month
forecasting horizon, a slight deterioration in forecasting accuracy can generally be observed,
which is consistent with the increasing uncertainty associated with longer-term predictions.
In this case, the GRU model again proved to be the most accurate (MAPE = 1.3524%), while
ARIMA and LSTM exhibited similar error levels of approximately 1.40%. Random Forest
and AdaBoost performed particularly poorly over the longer horizon, with MAPE values
exceeding 3–4%.

Table 4. Performance evaluation indicators and MCS statistic for Period 1 January 2022 to 31 December
2022 (6- and 12-month forecasting horizon).

6-Month Horizon 12-Month Horizon

Model MAE RMSE MAPE MCS
p-Value MAE RMSE MAPE MCS

p-Value

ARIMA 0.0577 0.0736 1.3043 1.0000 0.0555 0.0716 1.3988 0.5820

AdaBoost 0.1423 0.1845 3.1926 0.0080 0.1451 0.1892 3.6708 0.0010

Dlinear 0.0626 0.0794 1.4148 0.3140 0.0590 0.0752 1.4848 0.0960

GRU 0.0574 0.0743 1.2955 0.7980 0.0538 0.0704 1.3524 1.0000

LSTM 0.0596 0.0755 1.3560 0.7980 0.0559 0.0724 1.4127 0.5820

RFR 0.0818 0.1116 1.8915 0.3140 0.1569 0.2035 4.2447 0.0010

SVR 0.0735 0.0909 1.6688 0.2820 0.0719 0.0919 1.8353 0.0960

TCN 0.0634 0.0832 1.4246 0.3140 0.0615 0.0799 1.5464 0.0960

TFT 0.0748 0.0944 1.6693 0.3140 0.0712 0.0901 1.7858 0.0530
Source: authors’ research.

The results of the Model Confidence Set (MCS) procedure provide further insights
into the comparison of forecasting models. For the 6-month horizon, the ARIMA model’s
p-value of 1.0000 indicates that it belongs to the set of best-performing models according
to the statistical test. Similarly, GRU and LSTM achieved high p-values (0.7980), suggest-
ing that their performance does not differ significantly from that of the best model. The
moderate p-values obtained by DLinear, TCN, SVR, and TFT indicate that these methods
remain competitive, although they perform somewhat worse than the top models. In con-
trast, the very low p-value of AdaBoost (0.0080) suggests statistically inferior performance.
For the 12-month horizon, GRU emerged as the leading model within the best-model
set (MCS p-value = 1.0000), while ARIMA and LSTM remained among the competitive
forecasting methods. Random Forest and AdaBoost again produced very low p-values, con-
firming that they are unable to provide competitive forecasting accuracy even over longer
prediction horizons.

Based on the forecasting results for 2025 (Table 5), the LSTM model achieved the
lowest forecasting error for the 6-month horizon (MAPE = 1.4321%), closely followed by
GRU (MAPE = 1.4173%) and ARIMA (MAPE = 1.4356%). DLinear exhibited a somewhat
higher error (MAPE = 1.5189%), while forecasting errors for TCN and TFT ranged between
1.65% and 1.72%. Among the traditional machine learning approaches, SVR demonstrated
moderately weaker performance (MAPE = 2.1777%), whereas AdaBoost and Random For-
est showed substantially larger relative errors exceeding 3.6–3.8%. These findings suggest
that these methods are less suitable for short-term copper price forecasting. For the 12-
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month forecasting horizon, forecasting accuracy generally deteriorated slightly, reflecting
the greater uncertainty associated with longer forecasting periods. Neural network-based
algorithms continued to perform best. The GRU model achieved a MAPE of 1.4173%, while
LSTM and ARIMA exhibited errors around 1.43–1.44%. DLinear produced a forecasting
error of 1.5189%. In contrast, the forecasting errors of TCN and TFT increased further.
The performance of traditional machine learning methods deteriorated considerably over
longer horizons, particularly in the case of AdaBoost and Random Forest, where MAPE
values remained above 3%. The Model Confidence Set (MCS) results reinforce the conclu-
sions drawn from the MAPE analysis. For the 6-month horizon, the LSTM model achieved
a p-value of 1.0000, indicating that it constitutes the core member of the best-model set
according to the statistical test. GRU and ARIMA also achieved relatively high p-values
(0.5790 and 0.5650, respectively), indicating that their performance does not differ signifi-
cantly from that of the best-performing model. The moderate p-values of DLinear, TCN,
and SVR suggest that these methods can still be classified as competitive, although their
accuracy is somewhat lower. Conversely, the relatively low p-value of AdaBoost (0.0470) in-
dicates statistically inferior performance compared with the best models. For the 12-month
horizon, the MCS results reveal a similar pattern. LSTM again achieved the highest p-value
(1.0000), while GRU and ARIMA also obtained high p-values (0.8380), indicating stable and
competitive forecasting performance. The moderate p-values of DLinear, TCN, and TFT
suggest that these methods remain within the set of best-performing models, although their
accuracy lags somewhat behind the leading approaches. In contrast, AdaBoost, Random
Forest, and SVR delivered significantly weaker forecasting performance over the examined
forecasting horizon.

Table 5. Performance evaluation indicators and MCS statistic for Period 2 January 2025 to 31 December
2025 (6- and 12-month forecasting horizon).

6-Month Horizon 12-Month Horizon

Model MAE RMSE MAPE MCS
p-Value MAE RMSE MAPE MCS

p-Value

ARIMA 0.0665 0.1226 1.4356 0.5650 0.0692 0.1226 1.4356 0.8380

AdaBoost 0.1075 0.2951 3.8104 0.0470 0.1965 0.2951 3.8104 0.0190

Dlinear 0.0660 0.1252 1.5189 0.3760 0.0730 0.1252 1.5189 0.4770

GRU 0.0605 0.1224 1.4173 0.5790 0.0684 0.1224 1.4173 0.8380

LSTM 0.0599 0.1212 1.4321 1.0000 0.0692 0.1212 1.4321 1.0000

RFR 0.0922 0.2890 3.6114 0.3760 0.1869 0.2890 3.6114 0.0300

SVR 0.0779 0.1522 2.1777 0.3760 0.1061 0.1522 2.1777 0.0480

TCN 0.0705 0.1328 1.6576 0.3760 0.0793 0.1328 1.6576 0.4770

TFT 0.0684 0.1347 1.7159 0.5230 0.0848 0.1347 1.7159 0.4770

Source: authors’ research.

4.2. Statistical Comparison of Model Performance

The results of the Diebold–Mariano (DM) test (Table 6) for the 6-month forecasting
horizon in 2022 reveal several significant differences in forecasting performance among the
examined models. ARIMA demonstrates significantly better performance than AdaBoost,
Random Forest (RFR), SVR, TCN, and TFT, as indicated by positive and statistically sig-
nificant DM statistics. However, no significant differences are observed between ARIMA
and either GRU or LSTM, suggesting that these models provide comparable forecasting
accuracy. AdaBoost exhibits significantly weaker performance compared with almost
all other methods, as evidenced by the large absolute values and statistical significance
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of the DM statistics. Among the deep learning algorithms, GRU achieves significantly
better performance in several comparisons, particularly against DLinear, RFR, SVR, TCN,
and TFT. LSTM also performs favorably; however, compared with GRU and DLinear,
statistically significant differences are not observed in all cases. Random Forest proves
significantly weaker in many comparisons, especially when evaluated against neural
network-based models.

Table 6. Results of DM tests for Period 1 (2022)—6-month horizon.

ARIMA AdaBoost Dlinear GRU LSTM RFR SVR TCN TFT

ARIMA -

AdaBoost 7.20 *** -

Dlinear 2.57 ** −6.89 *** -

GRU 0.26 −7.30 *** −2.02 ** -

LSTM 0.56 −7.28 *** −1.53 0.53 -

RFR 3.43 *** −6.37 *** 2.88 *** 3.55 *** 3.59 *** -

SVR 3.62 *** −7.13 *** 2.10 ** 4.37 *** 4.20 *** −2.44 ** -

TCN 2.20 ** −6.98 *** 0.94 2.67 *** 1.87 * −2.59 *** −1.28 -

TFT 3.20 *** −7.29 *** 2.27 ** 3.56 *** 3.22 *** −1.42 0.95 2.31 ** -

* p < 0.1, ** p < 0.05, *** p < 0.01. Source: authors’ research.

For the 12-month forecasting horizon in 2022, the DM test results (Table 7) similarly
reveal substantial differences in forecasting performance. ARIMA again demonstrates
significantly better performance, particularly compared with AdaBoost, Random Forest
(RFR), SVR, TCN, and TFT, as reflected by positive and highly significant DM statistics.
However, no statistically significant differences are observed between ARIMA and either
GRU or LSTM, suggesting comparable forecasting accuracy even over the longer fore-
casting horizon. AdaBoost once again performs significantly worse in nearly all pairwise
comparisons, as indicated by the strongly negative and highly significant test statistics.
GRU significantly outperforms several competing methods, including DLinear, SVR, TCN,
and TFT. LSTM remains highly competitive; however, statistically significant differences
relative to GRU and ARIMA are not consistently observed. Random Forest demonstrates
particularly poor performance compared with most competing methods, as reflected by
large and statistically significant DM statistics.

Table 7. Results of DM tests for Period 1 (2022)—12-month horizon.

ARIMA AdaBoost Dlinear GRU LSTM RFR SVR TCN TFT

ARIMA -

AdaBoost 9.11 *** -

Dlinear 2.11 ** −8.89 *** -

GRU −0.78 −9.22 *** −3.24 *** -

LSTM 0.43 −9.21 *** −1.68 * 1.86 * -

RFR 9.94 *** 1.55 9.83 *** 10.08 *** 10.09 *** -

SVR 4.73 *** −8.76 *** 3.99 *** 5.66 *** 5.49 *** −9.70 *** -

TCN 3.10 *** −8.76 *** 1.81 * 4.25 *** 2.67 *** −9.55 *** −2.83 *** -

TFT 4.37 *** −8.88 *** 3.69 *** 5.40 *** 4.82 *** −9.29 *** −0.42 2.86 *** -

* p < 0.1, ** p < 0.05, *** p < 0.01. Source: authors’ research.
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For the 6-month forecasting horizon in 2025, the DM test results are reported in
Table 8. Several statistically significant differences can be observed. ARIMA significantly
outperforms AdaBoost, Random Forest (RFR), and SVR, as indicated by positive and
significant DM statistics. However, no statistically significant differences are observed
between ARIMA and DLinear, GRU, LSTM, TCN, or TFT, suggesting that these models
achieve similar forecasting accuracy over the short-term horizon. AdaBoost again exhibits
consistently weak performance, performing significantly worse than nearly all competing
algorithms. Among the deep learning methods, GRU and LSTM demonstrate significantly
better performance in several comparisons, particularly against DLinear, Random Forest,
and SVR. Random Forest proves significantly weaker in many cases, especially when
compared with neural network-based models. SVR also delivers relatively modest per-
formance, showing significantly poorer results than several competing approaches. For
TCN and TFT, most pairwise comparisons reveal no statistically significant differences
relative to the leading models, suggesting that their performance remains close to that of the
best-performing approaches.

Table 8. Results of DM tests for Period 2 (2025)—6-month horizon.

ARIMA AdaBoost Dlinear GRU LSTM RFR SVR TCN TFT

ARIMA -

AdaBoost 4.55 *** -

Dlinear 0.69 −4.16 *** -

GRU −0.84 −4.73 *** −2.61 *** -

LSTM −0.87 −4.73 *** −2.54 ** −0.56 -

RFR 3.33 *** −3.86 *** 2.98 *** 3.53 *** 3.55 *** -

SVR 2.21 ** −3.52 *** 1.70 * 2.60 *** 2.56 ** −1.97 ** -

TCN 1.44 −3.82 *** 1.44 2.79 *** 2.75 *** −2.47 ** −0.89 -

TFT 0.35 −5.07 *** −0.31 1.34 1.39 −3.55 *** −2.25 ** −2.31 ** -
* p < 0.1, ** p < 0.05, *** p < 0.01. Source: authors’ research.

For the 12-month forecasting horizon in 2025, the DM test results (Table 9) indicate
that ARIMA significantly outperforms AdaBoost, Random Forest (RFR), SVR, and TCN, as
demonstrated by positive and statistically significant DM statistics. However, no statisti-
cally significant differences can be detected between ARIMA and DLinear, GRU, LSTM,
or TFT, suggesting comparable forecasting performance over the longer forecasting hori-
zon. AdaBoost again exhibits consistently weak performance, performing significantly
worse than virtually all competing models. Among the deep learning methods, GRU and
LSTM significantly outperform several competing approaches, particularly Random Forest,
SVR, and TCN. DLinear remains moderately competitive; however, it proves significantly
weaker than GRU and LSTM in several comparisons. Random Forest is again among the
weakest-performing methods, exhibiting significantly poorer results across numerous pair-
wise comparisons. Similarly, SVR underperforms relative to the leading models, showing
significantly lower forecasting accuracy in several cases. The results for TCN and TFT
are mixed. While statistically significant differences are observed relative to some mod-
els, in other comparisons their performance does not differ significantly from that of the
leading approaches.
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Table 9. Results of DM tests for Period 2 (2025)—12-month horizon.

ARIMA AdaBoost Dlinear GRU LSTM RFR SVR TCN TFT

ARIMA -

AdaBoost 5.90 *** -

Dlinear 0.99 −5.94 *** -

GRU −0.11 −5.98 *** −1.82 * -

LSTM −0.47 −6.10 *** −2.38 ** −0.71 -

RFR 5.68 *** −7.69 *** 5.71 *** 5.76 *** 5.87 *** -

SVR 3.30 *** −5.86 *** 3.49 *** 3.59 *** 4.27 *** −5.60 *** -

TCN 2.80 *** −5.76 *** 2.44 ** 3.24 *** 3.71 *** −5.53 *** −2.56 ** -

TFT 1.57 −6.37 *** 1.47 1.77 * 2.39 ** −6.12 *** −4.08 *** 0.29 -
* p < 0.1, ** p < 0.05, *** p < 0.01. Source: authors’ research.

The empirical results derived from the Diebold–Mariano (DM) and Model Confidence
Set (MCS) tests consistently demonstrate the systematic outperformance of recurrent neural
architectures (specifically the GRU and LSTM models) relative to ensemble tree-based
methods (Random Forest and AdaBoost) across multiple forecasting horizons and dis-
tinct market regimes. This persistent, statistically significant performance gap cannot be
attributed to numerical coincidence; rather, it is deeply rooted in the underlying math-
ematical formulations of these competing modeling paradigms. Ensemble tree-based
algorithms, despite their capacity to handle high-dimensional feature spaces, operate by
partitioning the input space into orthogonal hyperplanes. Consequently, they function
as step-wise approximations that inherently lack the structural capacity to extrapolate
beyond the exact domain boundaries observed during the training phase. When subjected
to severe structural changes—such as the copper market shocks identified by the Zivot-
Andrews tests—these algorithms struggle to adapt to out-of-bounds price ranges and
shifting volatility regimes, leading to a higher frequency of statistical rejections in the DM
pairs. Conversely, recurrent neural networks (RNNs), via their internal hidden states and
specialized gating mechanisms (the update and reset gates in GRU, and the forget, input,
and output gates in LSTM), are explicitly designed to capture complex, non-linear temporal
dependencies. These architectures form a continuous, dynamic memory structure capable
of modeling long-memory behavior in time series. This mathematical design allows them to
selectively retain historical context from stable periods while rapidly updating their internal
weights in response to sudden market regime shifts. This theoretical advantage explains
why GRU and LSTM maintain stable, dominant positions within the MCS boundaries
even immediately following major structural break points, as they effectively isolate the
underlying structural signals from the extreme noise inherent in commodity pricing cycles.

4.3. Structural Break Analysis
4.3.1. Structural Break Analysis for Period 1 (2022)

The heatmap of rolling MAPE values enables the examination of the temporal evo-
lution of forecasting errors for individual models during 2022. As shown in Figure 2,
forecasting errors remain relatively low for most models during the first half of the year,
as indicated by the predominance of green shades. However, around the structural break
marked by the red dashed line, several methods exhibit increasing forecasting errors, sug-
gesting that changes in the market environment affected predictive performance. This
effect is particularly pronounced for AdaBoost and Random Forest, where substantial
error spikes emerge after the break point, as reflected by the appearance of yellow and red
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colors. In contrast, deep learning models, especially GRU and LSTM, maintain relatively
stable performance, with errors remaining within a lower range throughout most of the
period. ARIMA also exhibits a balanced error structure, although minor fluctuations can be
observed during the second half of the year. Moderate and occasionally increasing errors
are observed for SVR, TCN, and TFT; however, these changes are less pronounced than
those of their ensemble-based counterparts.

Figure 2. Model-level errors over time (2022) with structural break (5-day rolling MAPE). Source:
authors’ research.

The autocorrelation function (ACF) plots (Appendix A.1) examine the temporal de-
pendence of forecasting errors before and after the structural break using the 2022 data.
For ARIMA, most autocorrelation coefficients remain within the confidence intervals in
both periods, indicating that the residuals are close to white noise and that the model
successfully captures the dynamics of the time series. In the case of AdaBoost, strong and
slowly decaying positive autocorrelations are observed across several lags before the break,
suggesting that the model is unable to fully account for temporal dependencies. Although
this pattern weakens after the break, short-term autocorrelation remains detectable. DLin-
ear exhibits relatively low autocorrelation in both periods, with most values falling within
the confidence bands, indicating a stable residual structure. The GRU and LSTM deep learn-
ing models display a similar pattern. Most autocorrelation coefficients are insignificant,
suggesting that these methods effectively capture temporal dependencies both before and
after the structural break. For Random Forest (RFR), pronounced positive autocorrelation
emerges at lower lags following the break, indicating difficulties in adapting to structural
changes. SVR exhibits more persistent positive autocorrelation across several lags after the
break, implying that forecasting errors remain temporally dependent. TCN demonstrates
relatively stable behavior, although moderate autocorrelation is observed at certain lags,
particularly in the post-break period. For TFT, mild short-term autocorrelation appears
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before the break but diminishes afterward, with most lag values remaining within the
confidence intervals.

The Taylor diagrams evaluate (Figure 3) model performance across three dimensions:
correlation, standard deviation, and RMSE relative to the observed series. During the
pre-break period of 2022, most models are located relatively close to the reference point,
indicating high correlations and standard deviations similar to those of the actual time
series. Deep learning methods, particularly GRU and LSTM, occupy especially favorable
positions on the diagram, reflecting strong correlations and relatively low forecasting
errors. ARIMA also demonstrates stable performance, although its standard deviation
differs slightly from the reference value. Following the structural break, the positions of
several methods move farther away from the ideal reference point, indicating performance
deterioration. This effect is particularly evident among ensemble-based models, which
exhibit declining correlations and increasing errors. AdaBoost and, to a lesser extent,
Random Forest show greater deviations from the reference standard deviation, suggesting
that they adapt less effectively to changing market dynamics. In contrast, GRU and LSTM
remain relatively close to the reference point, indicating more robust forecasting capabilities
even after the break. TCN and TFT exhibit intermediate performance: their correlations
remain high, although both standard deviation and RMSE increase slightly.

Figure 3. Taylor diagrams pre- and post-break in period 1 (2022). Source: authors’ research.

The time-lagged cross-correlation (TLCC) analysis examines the correlation between
model forecasts and the observed time series across different temporal lags (Figure 4).
During the post-break period of 2022, the highest correlations for most methods occur at
lags close to zero or slightly negative values. This suggests that model forecasts closely
track the evolution of the actual time series, although minor temporal shifts are evident in
some cases. Deep learning architectures, particularly GRU and LSTM, exhibit the highest
correlation values, approaching 1.0 around lag −1. ARIMA and DLinear also demonstrate
high correlations, albeit slightly lower than those of the deep learning models. In contrast,
AdaBoost and SVR show a more rapid decline in correlation as positive lag values increase,
suggesting a reduced ability to maintain a close relationship with the observed series over
longer periods. Random Forest displays a similar pattern, although its correlations remain
somewhat more stable. TCN and TFT exhibit intermediate performance, characterized by
high correlations at lags near zero followed by a gradual decline at larger lag values.
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Figure 4. TLCC results post-break in period 1 (2022). Source: authors’ research.

4.3.2. Structural Break Analysis for Period 2 (2025)

The rolling MAPE heatmap (Figure 5) also enables an assessment of the temporal
evolution of forecasting errors during 2025. According to the figure, most models exhibit
low forecasting errors during the first months of the year, as indicated by the predominance
of green shading. During this period, models operated within a relatively stable market
environment and were able to capture the patterns of the time series effectively. However,
around the structural break marked by the red dashed line, several methods exhibit a
sudden increase in forecasting errors, indicating that the structural change had a substantial
impact on predictive performance. This effect is particularly pronounced for AdaBoost
and Random Forest, where strong error spikes emerge around the break point, reflected
by yellow and red color intensities. These findings suggest that ensemble-based models
may be more sensitive to abrupt market changes and may require more time to adapt
to new market dynamics. For DLinear, only moderate changes in forecasting errors are
observed. Although a slight increase appears around the structural break, errors quickly
return to lower levels. Deep learning architectures, especially GRU and LSTM, maintain
relatively stable performance throughout the entire period, with errors remaining largely
low and only moderate increases observed around the break point. SVR displays gradually
increasing forecasting errors during certain segments of the post-break period, suggesting
greater sensitivity to structural changes in the time series. TCN errors increase moderately
near the break point but stabilize relatively quickly thereafter. TFT also exhibits a mild error
spike around the structural break, followed by a return to lower error levels. Toward the end
of the year, several models experience a renewed increase in forecasting errors, particularly
the ensemble methods, suggesting that further changes in the market environment again
challenged forecasting performance.

The autocorrelation function (ACF) plots (Appendix A.2) illustrate the temporal depen-
dence of forecasting errors before and after the structural break using the 2025 dataset. For
ARIMA, most autocorrelation coefficients remain within the confidence intervals in both
periods, indicating residuals that closely resemble white noise and confirming the model’s
ability to capture time-series dynamics effectively. For AdaBoost, positive and slowly
decaying autocorrelations are observed across several lags before the structural break,
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suggesting that the model does not fully account for temporal dependencies. Although
this effect weakens after the break, some short-term autocorrelation remains detectable.
DLinear exhibits low and rapidly decaying autocorrelations in both periods, with most
values remaining within the confidence bands, indicating a stable residual structure. GRU
and LSTM display a similar pattern, with most autocorrelation coefficients remaining statis-
tically insignificant. These models effectively capture temporal dependencies both before
and after the structural break. For Random Forest (RFR), mild positive autocorrelation
emerges at lower lags after the break. SVR exhibits more persistent positive autocorrelation
across multiple lags during the post-break period. TCN demonstrates relatively stable
behavior, although moderate autocorrelation is present at some short lags, particularly
after the break. For TFT, mild short-term autocorrelation is observed before the break but
largely disappears afterward, with most values remaining within the confidence intervals.

Figure 5. Model-level errors over time (2025) with structural break (5-day rolling MAPE). Source:
authors’ research.

The 2025 Taylor diagrams (Figure 6) reveal a performance structure similar to that
observed in 2022, although differences among models become more pronounced. During
the pre-break period, most methods exhibit high correlations with the observed time
series and are located relatively close to the reference point. GRU, LSTM, and to some
extent TFT occupy particularly favorable positions, indicating their ability to capture
both the variability and dynamics of the time series effectively. ARIMA and DLinear
also demonstrate stable performance, although their standard deviations differ slightly
from the reference value in some cases. Following the structural break, performance
differences among models become more distinct. Ensemble-based approaches, particularly
AdaBoost and Random Forest, move farther away from the reference point, indicating
increased forecasting errors. In contrast, deep learning models—especially GRU and
LSTM—continue to exhibit high correlations and relatively low RMSE values. TCN and
TFT occupy intermediate positions, displaying moderate deviations from the reference
standard deviation. The diagrams also reveal that the impact of the structural break is
reflected in model variance, visible through the radial displacement of points.
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Figure 6. Taylor diagrams pre- and post-break in period 2 (2025). Source: authors’ research.

The post-break TLCC diagram for 2025 (Figure 7) indicates that most models exhibit
extremely high correlations at lag values close to zero, suggesting that forecasts closely
follow the movements of the actual time series. In many cases, correlation coefficients
approach 1.0, indicating a very strong predictive relationship. GRU, LSTM, and DLinear
demonstrate particularly stable performance, as their correlations decline only slightly at
larger positive or negative lag values. ARIMA and TCN also exhibit high correlations,
although a gradual decline becomes apparent as lag increases. AdaBoost displays some-
what lower correlations, especially at larger positive lag values, indicating that its forecasts
diverge more rapidly from the actual time series over time. Random Forest and SVR exhibit
moderate stability. TFT demonstrates a relatively balanced pattern, characterized by high
correlations near zero lag and moderate declines as lag increases.

Figure 7. TLCC results post-break in period 2 (2025). Source: authors’ research.
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4.4. Analysis of Trading Strategies
4.4.1. Trading Strategy Results for Period 1 (2022)

The comparison of the performance of trading strategies applied during the 2022
period (Table 10) reveals substantial differences across both the six-month and twelve-
month forecasting horizons. The buy-and-hold strategy generated negative cumulative
returns in both cases (−17.27% over six months and −14.84% over twelve months). In
contrast, several model-based strategies were able to generate positive returns, supporting
the potential practical applicability of predictive models. For the six-month horizon, the
best performance was achieved by the TFT-based strategy, which generated a cumulative
return of 24.84% and a Sharpe ratio of 2.18, while maintaining a relatively low maximum
drawdown (6.46%). The SVR model also delivered outstanding results, achieving a return of
19.75% and a Sharpe ratio of 1.76. AdaBoost and LSTM likewise produced positive returns,
although their performance was somewhat lower. By contrast, certain deep learning
models, such as GRU, generated negative cumulative returns and negative Sharpe ratios,
suggesting that not all complex architectures are capable of delivering stable performance
under the examined market conditions. At the twelve-month forecasting horizon, the
differences among models became even more pronounced. The highest cumulative returns
were achieved by strategies based on SVR and Random Forest (RFR) forecasts, generating
returns of 35.72% and 36.57%, respectively, while also exhibiting exceptionally high Sharpe
ratios. TFT also demonstrated strong performance, with a cumulative return of 32.95% and
a Sharpe ratio of 1.50. In contrast, several methodologies—including ARIMA, GRU, and
TCN—produced negative returns and were therefore less capable of adapting to the market
conditions observed in 2022. Risk metrics further indicate that the best-performing models
generally achieved relatively lower maximum drawdowns, suggesting a more favorable
risk–return profile. The win rates reinforce this conclusion, as the top-performing models
typically achieved values between 53% and 58%, indicating stable trading performance.
Overall, the results suggest that advanced machine learning models (SVR, RFR, and TFT)
may be capable of generating substantial excess returns relative to a passive buy-and-hold
strategy during the examined period, even when their absolute forecasting accuracy is not
among the most competitive.

Table 10. Trading strategy results for Period 1 (2022)—6- and 12-month horizon.

6 Months 12 Months

Cumulative
Return

Sharpe
Ratio

Max Draw-
down Win Rate Cumulative

Return
Sharpe
Ratio

Max Draw-
down Win Rate

Buy_and_Hold −17.2651 −1.3383 28.2892 46.3415 −14.8447 −0.5300 42.8709 49.2000

ARIMA 4.4450 0.3946 9.0806 49.5935 −12.6254 −0.5731 28.2488 48.0000

AdaBoost 11.8752 1.0562 12.5344 55.2846 8.1161 0.3683 16.5917 52.0000

Dlinear 1.1587 0.1199 12.2181 52.0325 6.2893 0.2854 14.9626 50.0000

GRU −6.7237 −0.5971 15.5297 49.5935 −6.8991 −0.3130 22.5136 49.6000

LSTM 8.0603 0.8352 8.6378 52.0325 4.0542 0.1839 15.8360 49.2000

RFR 7.1290 0.6332 14.1120 54.4715 36.5697 1.6681 12.9650 52.4000

SVR 19.7510 1.7637 12.5344 56.0976 35.7239 1.8284 11.0851 54.8000

TCN 2.2196 0.2068 16.4644 53.6585 −8.6443 −0.3712 24.0577 49.2000

TFT 24.8377 2.1803 6.4623 57.7236 32.9533 1.5016 11.7422 53.6000

Source: authors’ research.
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4.4.2. Trading Strategy Results for Period 2 (2025)

The results of trading strategies applied in the 2025 period (Table 11) differ substan-
tially from the performance patterns observed in 2022. This indicates that changes in the
market environment significantly influenced the effectiveness of the various models. Over
the six-month forecasting horizon, the buy-and-hold strategy performed particularly well,
achieving a cumulative return of 23.20% and a Sharpe ratio of 1.60. During this period,
the copper market exhibited a stronger upward trend, which was favorable for passive
investment strategies. However, this environment proved more challenging for several
model-based approaches. Within the six-month horizon, the best-performing methods
were LSTM- and GRU-based strategies. The LSTM model achieved a cumulative return
of 18.94% and a Sharpe ratio of 1.74, while the GRU model delivered an 11.50% return
and a Sharpe ratio of 1.05, with relatively moderate maximum drawdown. These results
suggest that deep learning models were more effective at capturing market trends during
this period. In contrast, several other models (such as AdaBoost, SVR, TCN, and TFT)
produced negative cumulative returns and negative Sharpe ratios, indicating difficulties
in capturing short-term market dynamics. Over the twelve-month forecasting horizon,
even more pronounced differences emerged among model-based strategies. The passive
buy-and-hold strategy itself achieved an outstanding return of 36.18%, but both LSTM and
GRU were able to outperform it. The best performance was obtained by the LSTM model,
which generated a cumulative return of 64.98% and a Sharpe ratio of 2.59, indicating an ex-
ceptionally strong risk–return trade-off. The GRU model also performed strongly, achieving
a 49.28% cumulative return and a Sharpe ratio of 2.22. The DLinear model also delivered
relatively stable performance, with a cumulative return of 31.22% and a Sharpe ratio of
1.26, suggesting that even simpler architectures can provide effective predictions under
favorable market conditions. In contrast, several models performed significantly worse
over the longer horizon. AdaBoost generated substantial losses across both time horizons,
while SVR produced near-zero cumulative returns. The Random Forest–based strategy also
showed weak performance, particularly over the longer forecasting period. Risk metrics
indicate that the best-performing strategies generally maintained relatively low maximum
drawdowns, suggesting a favorable risk–return profile. Win rates further support this
observation: the strongest models (particularly LSTM and GRU) achieved values close to
or above 58–59%. Overall, the results suggest that in the 2025 period, deep learning models
(especially LSTM and GRU architectures) achieved the highest trading performance, while
several traditional machine learning models significantly underperformed.

Table 11. Trading strategy results for Period 2 (2025)—6- and 12-month horizon.

6 Months 12 Months

Cumulative
Return

Sharpe
Ratio

Max Draw-
down Win Rate Cumulative

Return
Sharpe
Ratio

Max Draw-
down Win Rate

Buy_and_Hold 23.2005 1.5954 23.4059 59.8361 36.1864 0.9230 29.1312 56.4000

ARIMA −2.1951 −0.2008 17.4684 51.6393 11.0513 0.3999 20.8990 52.0000

AdaBoost −25.3530 −1.9817 32.1772 43.4426 −23.2685 −0.9273 34.7142 48.4000

Dlinear −1.8923 −0.1591 24.4749 51.6393 31.2220 1.2577 26.6133 56.4000

GRU 11.5017 1.0543 14.3383 55.7377 49.2829 2.2228 15.8234 59.2000

LSTM 18.9413 1.7429 14.4366 55.7377 64.9815 2.5917 19.8173 58.4000

RFR 2.6820 0.2080 26.7889 50.0000 −8.8474 −0.3521 26.7889 48.8000
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Table 11. Cont.

6 Months 12 Months

Cumulative
Return

Sharpe
Ratio

Max Draw-
down Win Rate Cumulative

Return
Sharpe
Ratio

Max Draw-
down Win Rate

SVR −17.1721 −1.4519 21.8821 45.9016 −0.0076 −0.0003 24.0259 50.0000

TCN −11.1165 −0.9376 24.3142 50.8197 7.5504 0.3231 20.0229 55.6000

TFT −12.4188 −1.0335 26.2411 47.5410 2.2844 0.0909 26.2411 50.0000

Source: authors’ research.

4.5. Statistical Validation of the Error–Profit Paradox via Rank Correlation

The results in Table 12 provide direct statistical evidence that superior forecast accuracy
does not guarantee superior trading performance. In the 2022 sample, GRU achieved the
lowest MAPE among all nine models (1.30%), yet its trading strategy produced a negative
cumulative return in both the 6-month (−6.72%) and 12-month (−6.90%) windows. By
contrast, SVR and TFT—whose forecast accuracy ranked sixth and seventh, respectively—
generated cumulative returns of 19.75% and 24.84% (6-month) and 35.72% and 32.95%
(12-month). This inverse pattern is not incidental: the Spearman correlation between
the MAPE ranking and both trading-performance rankings is positive and statistically
significant at the 12-month horizon (ρ = 0.78, p = 0.013 for Sharpe ratio; ρ = 0.82, p = 0.007
for cumulative return), and positive though only marginally significant at the 6-month
horizon (ρ = 0.65, p = 0.058 for both measures). Taken together, these results confirm, with
formal statistical support rather than descriptive observation alone, that at least one of
the two sample periods examined in this study exhibits a genuine Error–Profit Paradox:
the model that minimizes forecast error is not the model that maximizes economic return.
The 2025 sample, where the correlation reverses sign and becomes significantly negative,
further demonstrates that this disconnect is regime-dependent rather than a fixed property
of any individual model.

Table 12. Spearman rank-correlation results 2022 and 2025.

MAPE vs. Sharpe Ratio

Period Horizon Spearman ρ p-Value Interpretation

2022 6 months 0.6500 0.058 Positive, marginally significant → paradox present

2022 12 months 0.7833 0.013 Positive, significant → paradox confirmed

2025 6 months −0.7167 0.030 Negative, significant → paradox absent

2025 12 months −0.9667 <0.001 Negative, highly significant → accuracy and
profitability aligned

MAPE vs. Cumulative return

Period Horizon Spearman ρ p-value Interpretation

2022 6 months 0.6500 0.058 Positive, marginally significant → paradox present

2022 12 months 0.8167 0.007 Positive, significant → paradox confirmed

2025 6 months −0.7167 0.030 Negative, significant → paradox absent

2025 12 months −0.9667 <0.001 Negative, highly significant → accuracy and
profitability aligned

Source: authors’ research.

https://doi.org/10.3390/make8070209

https://doi.org/10.3390/make8070209


Mach. Learn. Knowl. Extr. 2026, 8, 209 36 of 45

5. Discussion
The combined application of the autocorrelation function (ACF), rolling MAPE

heatmaps, Taylor diagrams, and time-lagged cross-correlation (TLCC) analyses provides
a comprehensive assessment of forecasting performance and model robustness in the
presence of structural changes observed in copper price dynamics. Results from the ACF
analysis indicate that deep learning models, particularly GRU and LSTM architectures,
generate residuals that most closely resemble white noise processes, suggesting a superior
ability to capture temporal dependencies embedded in the series. This finding is consistent
with prior evidence showing that recurrent neural networks, especially gated architectures,
are effective in modeling long-term nonlinear dependencies that characterize financial and
commodity market time series [34,35]. The rolling MAPE heatmaps further support this
conclusion. GRU- and LSTM-based models maintain relatively stable error levels around
the identified structural break, whereas ensemble methods such as AdaBoost and Random
Forest exhibit more pronounced error spikes. This pattern suggests that although ensemble
approaches may perform well under relatively stable conditions, they are more sensitive to
regime shifts. Such evidence aligns with previous studies reporting deteriorating perfor-
mance of tree-based models in non-stationary environments characterized by structural
disruptions [31,32]. In contrast, deep learning architectures appear better equipped to adapt
to evolving data-generating processes, a particularly important characteristic in commodity
markets. Taylor diagram results lead to similar conclusions. Deep learning models are
generally positioned closer to the ideal reference point, indicating stronger correlations with
observed values, improved variance reproduction, and lower RMSE values. These findings
reinforce the growing consensus that model evaluation should extend beyond conventional
error metrics and also consider the ability to reproduce the dynamic characteristics of the
underlying time series [78,79].

The present results suggest that GRU and LSTM models outperform competing ap-
proaches not only in predictive accuracy but also in preserving the statistical structure of
copper price dynamics. Although forecasting performance deteriorates for most models
following the structural break, GRU, LSTM, and to some extent TFT architectures continue
to exhibit relatively stable predictive properties. This observation is particularly relevant
because structural breaks are widely recognized as one of the primary sources of forecast
degradation and reduced out-of-sample performance [69,70]. The relative robustness of
deep learning models under such conditions suggests a stronger capacity to accommodate
regime changes, a valuable feature in highly volatile commodity markets.

The TLCC analysis provides additional insights. For most models, peak correlations
are observed at lags close to zero, indicating that forecasts are most effective in tracking
short-term movements in the actual series. This result is consistent with the broader
forecasting literature, which demonstrates that predictive power typically declines as the
forecast horizon increases [83].

The interpretation of these multi-layered dimensions is directly tied to the Error–Profit
Paradox, which constitutes the central contribution of this study. While an increasing body
of literature argues that statistical accuracy and economic usefulness do not necessarily
coincide [73,74], our integrated framework—culminating in the cross-layer correlation layer
outlined in Figure 1—provides a formal mathematical confirmation of this phenomenon.
By executing a formal Spearman’s rank correlation test between the MAPE rankings and
financial profitability metrics, we quantified this decoupling across distinct market states,
yielding non-significant coefficients.

This statistically proven paradox is driven by a fundamental structural asymmetry:
traditional metrics like MAPE penalize errors symmetrically, optimizing models toward
historical variance minimization, whereas financial returns are inherently non-linear and
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governed by directional synchronization at market boundaries. Consequently, models
that maintain low average errors but fail to capture critical macroeconomic turning points
experience severe capital erosion due to lagged position reversals. Conversely, architectures
that exhibit higher baseline errors but successfully align with phase shifts (as verified
by our TLCC analysis) capture high-yielding macro trends. This systemic decoupling
confirms that statistical precision cannot serve as a direct proxy for economic utility in non-
stationary regimes, expanding the conceptual boundaries established by recent financial
engineering literature [27].

The analysis of the copper market is particularly relevant from an industrial and
strategic perspective. Copper represents a critical input for electrical and electronic systems,
power transmission infrastructure, electric mobility technologies, and renewable energy sys-
tems. Ongoing electrification trends—including the expansion of electric vehicle adoption,
grid modernization, and the integration of renewable energy sources—are exerting sub-
stantial demand pressure on copper markets, potentially increasing both volatility and the
likelihood of structural changes. This observation is consistent with studies emphasizing
that strategic commodity markets are increasingly shaped by macroeconomic developments
and technological transitions [51,52]. The findings indicate that deep learning architectures,
particularly GRU and LSTM models, provide more robust forecasting performance during
periods characterized by structural breaks and changing market regimes. At the same
time, the results demonstrate that model evaluation cannot be reduced solely to statisti-
cal error measures. As demonstrated by our integrated evaluation matrix, future asset
management and industrial hedging strategies must transition toward multi-dimensional
validation schemes where predictive accuracy, dynamic consistency, and economic viability
are evaluated collectively to prevent the premature rejection of models possessing high
operational utility.

6. Conclusions
The objective of this study was to examine how the performance of statistical and

artificial intelligence–based forecasting models can be evaluated in a complex industrial
commodity market such as copper, particularly under economic conditions characterized
by severe structural breaks. The empirical results consistently demonstrate that conven-
tional statistical evaluation criteria—especially symmetric metrics such as Mean Absolute
Percentage Error (MAPE)—do not necessarily reflect the economic usefulness of forecasting
models. The empirical validation of this decoupling represents the central contribution
of this study, confirming the presence of the Error–Profit Paradox. The underlying mech-
anism driving this paradox is rooted in the fundamental divergence between statistical
loss functions and real-world economic utility. Traditional metrics like MAPE or RMSE
penalize overestimations and underestimations symmetrically, optimizing models toward
minimizing baseline variance and historical noise. However, trading profitability is inher-
ently non-linear and asymmetrical, depending heavily on directional accuracy and the
precise identification of market turning points rather than absolute numerical proximity. A
model can exhibit a higher MAPE due to clustered, larger errors during prolonged, stable
trend phases; yet, if it accurately predicts the critical inflection points and structural pivots
where price velocity changes direction, the simulated trading strategy capitalizes on long or
short positions at the most lucrative intervals. Conversely, a statistically precise model that
minimizes average error but fails to capture these macroeconomic turning points will expe-
rience severe capital erosion due to delayed position reversals and rigid phase shifts. Thus,
in liquid commodity futures, directional synchronization at market boundaries holds sig-
nificantly higher economic value than absolute statistical error minimization. To synthesize
the scientific core of this study, a clear distinction must be made between our methodolog-
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ical contribution and the substantive empirical findings. Methodological Contribution:
this study introduces an integrated, four-layered evaluation framework that establishes a
new benchmark for commodity market forecasting. By structurally connecting numerical
accuracy (MAPE), statistical stability (Taylor diagrams), dynamic phase-shift screening
(Time-Lagged Cross-Correlation), and asymmetric trading simulations, this framework
prevents the premature rejection of models that possess high economic utility despite lower
statistical precision. This holistic evaluation matrix allows institutional decision-makers to
select predictive architectures based on multi-dimensional, integrated performance profiles
rather than isolated error metrics. Substantive Empirical Findings: Our findings reveal
that advanced recurrent architectures (GRU and LSTM) demonstrate superior structural
resilience and faster parameter recalibration under severe macroeconomic shocks compared
to ensemble tree-based models (Random Forest and AdaBoost). Gated neural mechanisms
effectively isolate underlying structural signals from extreme noise, maintaining stable,
dominant positions within the Model Confidence Set (MCS) boundaries even immedi-
ately following major Zivot-Andrews structural break points. These empirical insights
expand upon recent commodity literature [94,95], shifting the academic discourse from
pure statistical optimization toward directional and economic alignment in non-stationary
regimes. From a practical perspective, the framework offers vital implications for commod-
ity traders, investors, and industry decision-makers. It demonstrates that model selection
must account for dynamic, real-world constraints—such as autocorrelation structures in
residuals (ACF), where residuals closer to white noise translate into stronger long-term
trading outcomes—especially in the copper market, where price movements are closely
linked to industrial demand, electrification trends, and global business cycles.

Limitations and Future Research

While this study offers comprehensive insights into model evaluation under structural
shifts, several limitations must be explicitly outlined to establish boundaries for generaliz-
ability and guide future academic inquiries. First, the empirical validation was restricted to
a single primary commodity asset—the copper futures market. Although copper serves
as an ideal global macroeconomic bellwether closely tied to the green energy transition,
future research should extend this four-layered framework to other liquid base metals,
energy derivatives, and strategic battery minerals (such as lithium, nickel, and cobalt) to
verify the universality of the Error–Profit Paradox across diverse asset classes. Second, the
predictive architectures relied strictly on endogenous price data. Incorporating exogenous
macroeconomic variables, such as global industrial production indexes, central bank inter-
est rate decisions, and geopolitical sentiment indicators, represents a prominent avenue
for future research to enhance model adaptability and weight recalibration during regime
shifts. Third, the trading simulation operated under the simplifying assumption of a fric-
tionless market, excluding transaction costs, brokerage commissions, fiscal obligations, and
market slippage. While this theoretical control baseline was conceptually vital to isolate the
core mathematical mechanics of the paradox, real-world trading frictions introduce a high
degree of heterogeneity. Execution costs would exert an asymmetrical impact across the
model spectrum: architectures characterized by high-frequency position switching based
on predictive noise would face severe capital erosion, whereas models generating fewer,
macro-directional signals would demonstrate higher resilience. Consequently, omitting
these frictions represents a highly conservative baseline for our core thesis; the inclusion of
realistic market frictions would theoretically widen the gap between statistical precision
and economic returns, further reinforcing the structural validity of the paradox. Fourth,
our framework utilized a fixed 50-day rolling window specification and discrete 6- and
12-month forecasting horizons. Future extensions should conduct extensive sensitivity
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analyses across varying window lengths and short-to-medium investment horizons to fully
stress-test the robustness of these deep learning architectures. Finally, future research could
focus on the integrated optimization of forecasting models and trading strategies through
the development of novel loss functions capable of simultaneously penalizing statistical
variance and economic misalignments.
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LSTM Long Short-Term Memory
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MCS Model Confidence Set
PP Phillips–Perron Test
RF Random Forest
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TFT Temporal Fusion Transformer
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Appendix A
Appendix A.1

Figure A1. ACF Results Pre- and Post-Break in 2022 Source: Authors’ Research.
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Appendix A.2

Figure A2. ACF Results Pre- and Post-Break in 2025 Source: Authors’ Research.
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